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Smart Data is defined as data that has been transformed into information for decision-
making and action cycle. This suggests that Smart Data is related to information, which 
enable the companies to act and decide rather than to be overwhelmed with a large 
volume of data.  
 
As the volume of available data has significantly increased during the recent years, 
discussions about how data can be used efficiently for business has attracted the 
attention of business community and marketers to exploit business potentials based 
on data knowledge. The available data can provide companies to develop further 
understanding and knowledge of key factors that have an impact on business 
performance such as the market trends, consumer behaviour, trade partners and 
suppliers, and competition. In fact, the majority of companies are overwhelmed with 
data and finding it challenging to efficiently use the same for meeting business 
objectives. However, the existent frameworks do not cover a strategic approach 
towards Smart Data which is the research gap. 
Based on a survey of 4000 (N=406) professionals working in the durable consumer 
good and ten semi structured interviews with various professionals from the industry 
in Germany, the study found that, whilst the data is now considered as a business 
asset, companies are keen to benefit from the opportunities provided by accurate, 
reliable and timely data, however, they are not fully aware of the importance and 
contribution of Smart Data. The process of this study started with and extensive 
literature review on which base the Conceptual framework was designed and 
developed. As a next step, the quantitative study was carried out which was followed 
by the qualitative study. On the basis of all those findings, the Smart Data framework 
has been developed. This framework has been verified by five Data Analytics experts 
and five professionals of the industry. 
The aim of the study is the design and development of a Smart Data framework for 
durable consumer goods companies in Germany. The design and development of this 
framework contributes to knowledege and practice.  
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Chapter 1: Introduction  
This chapter introduces the importance of Smart Data in the relation to improving 
business performance and potential for competitive advantage. It addresses the 
research rationale, research problem, research objectives, overview of the 
methodology, research contributions, and the structure of the study.  
 
 
1.1 Research Background 
The size of the durable consumer good industry in Germany is valued about €720 
billion annual turnover which 595 billion accounts for non-food retailing (Braun , 2019) 
and 125 billion in country car sales (Wagner, 2019). However, the annual total 
worldwide Sales of German produced cars are valued to be around €426 billion 
(Koptyug, 2019) due to significant export activities. 
 
According to Atradius (2019), the durable consumer good industry in Germany 
increased 1.2% year-on-year in 2018, the ninth year of sustainable growth. German 
consumer durables retail benefited from the country´s robust economic performance, 
with demand driven by low unemployment and increased household purchasing 
power. However, the retailers´ margins are expected to decrease further due to an 
extremely competitive market environment in most segments and increased price 
transparency. Due to the increasing competition and complexity in the durable 
consumer good industry, there are huge data sets of internal and external sources 
available to companies who are trying to grasp advantages by the gathered knowledge 
about the market, own company, and the competition. (Nagle & Müller, 2017) 
 
Nevertheless, there is evidence that suggests majority of the companies do not fully 
exploit the available data efficiently due to a number of reasons such as inconsistent 
data quality, issues related to access data, and comparability of data is not given as 
the sources differ. The aim of the study is the design and development of a Smart Data 






According to Runicman & Gordon (2014), 2.5 quintillion bytes of data are created 
every day, which means that 90 percent of the data in the world has been created 
during the last few years. Reflecting the recent developments and publications related 
to the use of Smart Data, the two fields are under investigation:  
 
• Impact of data on retailing and consumer driven decision making 
(Provost & Fawcett, 2013; Nagle & Müller, 2017; Aloysius et al., 2018; 
Fisher & Raman, 2018) 
• Using data in combination with sensor technologies and analysing the 
correlation of Big Data and Internet of things and the Industrial Internet 
(Gandomi & Haider, 2015; Targio et al., 2015; Dey et al., 2018; Plageras 
et al., 2018) 
 
In addition to the above-mentioned fields the level to which data is used in companies 
and in the business-world is not yet leveraging its full potential. Data is generally 
analysed with basic tools and many use data from Gesellschaft für Konsumforschung 
(GFK) - Association for Consumer Research (2020) to draw assumption based on 
basic analytical tools to gain knowledge about the performance of the competition and 
own company. In addition, promotion planning is conducted by analysing historical 
data using basic tools, sources, or by gut feeling what might be the right promotion for 
a certain timing in a certain market. However, there is no doubt that there are 
companies which use their data very efficiently and make wise data driven decisions.  
 
It is reported that that the Big Data Company Cambridge Analytica used data from 87 
million Facebook users to profile each user and target advertisements effectively to 
the respective profile groups (Laterza, 2018). In fact, Donald Trump was cooperating 
with Cambridge Analytica before the 2016 election in the US Presidential campaign 
which lead to the assumption that the efficient use of data had an impact who is now 
in power of being the US president (González, 2017). In addition, the same Big Data 
company was accused of having had a major manipulative impact on the Brexit 
election which led to the UK leaving the European Union (Cadwalladr, 2017). Further, 
Cleveland Clinic ‘s COVID-19 strategy is based on data driven data modelling in order 
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to evaluate the status and which actions to be taken. (Avidon, 2020) These examples 
demonstrate how powerful the effective use of data can be. 
 
Transferring these examples to the business world and set a legally correct framework, 
the use of important internal and external data sources can bring major benefits to the 
companies and make even the decision-making processes and pricing decisions more 
efficient and fact based. There are many publications on the impact of efficient usage 
of Big Data related to improved business performance or increase new business 
opportunities especially in the business segments of web-based business models, 
financial institutions, and retail companies (Bughin et al., 2010). Web based 
companies such as Facebook, google, and eBay were the first companies realising 
the potential in Big Data to better understand which content to place where on the 
websites and to get a deeper understanding of the customer’s buying behaviours to 
increase the revenues (Popovič et al., 2018). Financial institutions such as Capital 
One followed the web-based companies on leveraging data by segmenting customers 
and tailoring products to their profiles (Woodie, 2016).  
 
Retailers by using Big Data to draw decisions on how to create effective promotions 
for specific customer segments in relation to pricing, promotions, and shelf allocation. 
Tesco for instance, the UK’s largest food retailer has long been a pioneer when it 
comes to technology and data management. It was one of the first supermarket chains 
to begin tracking customer activity through its loyalty card system and has successfully 
managed the transition to online retailing (Marr, 2016). There are also companies from 
other segments than web-companies, financial institutions, and retailers, which 
leverage on mining data from social networks in real time. (Bughin et al., 2010).  
 
Ford Motors takes its commitment to leverage on Big Data to understand delivery 
patterns to create better transportation for everyone. The car producer opened in 2015 
a lab in Silicon Valley with the aim to improve its automobiles, their integration, the 
driving experience and the transportation system at large with big data. Three 
experiments were launched in parallel which are fuel consumption and safety, power 
usage in electric cars and behaviour of employee fleets (Digital Innovation and 
Transformation, 2015). Reviewing the fuel save project, four million gasoline-fueled 
cars were equipped with in-car sensors in order to deliver a whole new level of real-
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time insights to engineers on factors affecting fuel consumption and safety. The aim 
of the project is to analyse a huge number of different inputs such as weather 
conditions, car maintenance state and individual driving style, and translate those 
inputs to a better driver experience (Digital Innovation and Transformation, 2015). 
Reviewing the power usage in electric cars project, cars from Ford’s newest electric 
cars line, the Energi, have been equipped with 74 sensors including sonars, cameras, 
radars, accelerometers, temperature and rain measuring devices in order to collect 
information about recharge plug-in times, locations, and lengths, helping Ford 
understand patterns of consumer behaviour in this relatively new field of car charging. 
As a consequence, every hour 25 gigabytes of data are created  (Digital Innovation 
and Transformation, 2015). Reviewing the project of behaviour in employee fleets, 
Ford analysed driving patterns of employees that were part of large fleets in 
companies. This experiment focused mostly on individual usage patterns such as 
driving routes and car utilization (Digital Innovation and Transformation, 2015). 
However, creating value from big data analysis is often the easier half of the challenge; 
capturing it is much more difficult as most of the insights identified by Ford present 
long lead times from generation to implementation, delaying the value capture 
moment.  (Digital Innovation and Transformation, 2015) 
 
PepsiCo enhanced their operations drastically through the efficient usage of data, 
usage of Hadoop Storm and through the usage of the visualisation software Tableau, 
ensures the collaborative planning, forecasting and replenishment team drive the 
business forward, increasing visibility into customer orders  (Tableau, 2020). PepsiCo 
has reduced the end-to-end run time of analysis by as much as 70 percent. The 
company is now able to analyse inventory, logistical, and finance data from across the 
organization to create supply-chain and forecasting reports in record time (Tableau, 
2020). As a result, their CFO Hugh F. Johnston claims to having reached bigger growth 
equal spending (Nunes, 2020). This includes leveraging in-house automation 
capabilities to deploy targeted higher return on investment (Nunes, 2020). Southwest 
Airlines, for instance, analyse consumer posts on social-media sites such as Facebook 
and Twitter to judge the immediate impact of their marketing activities and to 




The above is indicative of companies are able to use data for decision making in real 
time, as such data has the potential to have a significant positive impact on research, 
innovation, and marketing (Bughin et al., 2010). 
 
The term ‘Smart Data’ appeared around 2009 and is closely connected to the term 
business intelligence (Fisher, 2009). Smart Data is defined as data transformed into 
information which feeds the decision-making and action cycle (Lafrate, 2015). This 
suggests that Smart Data is related to information, which enable the companies to act 
upon and decide rather than to be overwhelmed with tons of data sources. However, 
there are limited publications on the impact of Smart Data leading to competitive 
advantage and improving the business performance for durable consumer good 
companies. Closing this gap, the study will propose a framework on how to use Smart 
Data to improve business efficiency, performance, and achieve competitive advantage 
in the field of Smart Data in the context of durable consumer good companies 
operating in Germany. 
 
1.2 Research problem 
As the volume of available data has significantly increased during the recent years, 
the discussion about how data can be used efficiently for business related purposes 
has attracted the attention of marketers to exploit business potentials based on data 
knowledge. The available data give the companies the unique chance to gain 
knowledge about key factors which impact the business performance such as the 
market trends, consumer behaviour, trade partners, suppliers, and the competition 
(Nagle & Müller, 2017). However, the majority of companies are overwhelmed with 
data and do not find ways to efficiently exploit the same (Canitoa et. al., 2018) and 
drive the business. Another influencing factor include the significant initial costs for 
creating the relevant framework and the need for long-term headcounts to improve the 
data driven set up and decision making. Related to this topic the key question is, what 
are the roadblocks for companies to use the existing data and knowledge in order to 
drive the business more efficiently?  
 
Generally, the major barriers for data driven decision making is reported as; lack of 
understanding of available technology (Jin et al., 2015), lack of confidence in 
automated electronic-based decision making (Jansen et al., 2017), lack of technical 
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knowledge and resources (Mikalef et al., 2017), and the lack of data availability in 
some industry sectors (Vidgen et al., 2017). Companies may fail to overcome these 
problems if the necessary capabilities are not evident in the firms (Wamba, et al., 
2017). These issues limit the progress of companies transforming their businesses 
into data driven entities.  
  
In addition, the literature on the competitive advantage derived from the efficient use 
of Smart Data is limited and in the past it has often focused on a single perspective, 
such as the data collection (Jagadish, et al., 2014), the development of data driven 
business models (Hartmann et al., 2014), and Big Data in connection with Internet of 
Things (Riggings & Wamba, 2015). Further, much of the research is focused on 
specific research areas of interest, often ignoring the interrelationships with others 
factors such as contextual factors for adoption, CRM, IT and ERP integration, 
competitiveness, transparency of information, and critical success factors (CSFs). 
Hence, there are concerns that limited efforts have been diverted to the promotion of 
data in the context of reaching competitive advantage (Kaplan & Norton, 2004). 
Although the use of data has generally increased in the business environment, there 
is evidence that suggest that companies still are not achieving even minimal levels of 
adoption and effectiveness. Specific barriers to set up a framework to use data 
efficiently and reach data driven decision making are described below. 
 
1.2.1 Mind-set and culture 
Mind-set and culture are two major barriers to implementing frameworks for data 
driven decision making. Generally, older people tend to be more reluctant to changes, 
which are connected with advanced technical solutions (Hayes, 2018). In addition, top 
management might also struggle for such implementation as this means a 
fundamental change in thinking, working practices, and might have the consequence 
that decisions are not rely purely on the power or hierarchical rank within a company 
but on facts, figures, and guidelines (Gee, 2018). 
 
1.2.2 Initial costs 
Initial costs are a major issue for implementing frameworks that allows data driven 
decision making. According to Fan et al. (2015) companies need to entirely reshape 
15 
 
their current systems because data and IT adoption projects are complex in nature. 
Hence, there are many issues that need to be addressed while implementing data 
framework projects including: hardware, software, Human Resources Management, 
training, business processes, and project management. Moreover, the degree of 
government encouragement and senior management involvement also has a 
significant impact on the adaptation of data frameworks. Consequently, the majority of 
companies are uncertain about whether they have sufficient resources, expertise, and 
experience to create and operate the business with a data driven framework. 
 
1.2.3 Lack of Understanding of the data Environment 
A large number of companies have a limited understanding of the nature of efficient 
use of data and how it can become beneficial for business performance. It is crucial 
for companies to develop a better understanding of the power of data and how data 
can be used efficiently to drive business performance and become a key factor for 
having a competitive advantage (Kwon, Lee, & Shin, 2014). 
 
1.2.4 Data Availability and Collection  
The lack of availability of data and the challenges of data collection is often a key 
barrier for implementing a framework for data driven decision making (Rejikumar et 
al., 2018). Although each company owns internal data such as turnover, margin, and 
EBIT development, some industries do not have access to market data. In case data 
is already available, the access to this data is generally quite expensive. If the data is 
not yet available for the relevant industry sector, the company have to initiate the 
relevant market data collection which in consequence is strongly connected with time, 
cost, and resources. 
 
1.2.5 Data Quality 
The quality and sources of data differ significantly. Therefore, a mixture of different 
data quality and data which is based on different sources may not lead to the right 
conclusions (Jagadish, et al., 2014). Based on this, companies have to question the 





1.2.6 Identification of Critical Success Factors (CFS’s) 
The dynamic nature of the electronic environment hinders the progress of efficient use 
of data (Côrte-Real et al., 2017) as companies may have to wait for new standard 
technologies which will cover the majority of the perceived needs rather than invest on 
creation and programming of a data framework which covers the need in the most 
efficient way. The initial benefits of the data framework might be low in the beginning 
as the data itself will not improve the business performance but the efficient use of 
data by the people understanding and using the given information may compensate 
for the same for some extent. After having implemented the framework, critical 
success factors for the short, mid, and long-term have to be defined. In addition, 
relevant trainings have to be provided and information about new responsibilities and 
management expectation have to be clearly communicated. 
 
1.2.7 Absence of a standard Data framework 
The lack of a structured data framework is a concern for many companies. A 
framework is required to implement data usage strategies which will support the 
company to maximize the profitability and anticipating and satisfying customer 
requirements as well as reacting to changing market developments on time. The 
research in the area of efficient data usage to improve business performance is still 
young and the absence of a validated framework on the efficient usage of Smart Data 
is identified as the research gap of this study.  
 
In this context, the aim of this study is not to design a software framework such as 
Apache Hadoop which is an open source framework written in Java that enables the 
distributed processing of large data sets across clusters of computers with simple 
programming models (Apache Software Foundation, 2020) or Apache Hive which is 
an addition of Hadoop which has the add on of data warehousing system (Apache 
Software Foundation, 2020) or Apache Spark which is used for very fast processing 
queries (Apache Software Foundation, 2020) or Apache Storm, which is  a stream 
processing framework that focuses on extremely low latency and may be the best 
option for workloads that require timely processing. It can handle very large amounts 
of data and deliver results with lower latency than other solutions (Apache Software 
Foundation, 2019). There are also a number of other Big Data frameworks like for 
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example Flink, Heron, Presto, MapReduce, Samza and Kudu (Ilyukha, 2020) which 
will not be further described as the aimed Smart Data framework is a software 
framework or software tool. In fact, the aim of this study is to design and develop a 
strategic framework to approach Smart Data.  
 
 As Germany is Europe’s largest economy, the fourth largest worldwide (Kiprop, 2017) 
and owns leading positions in important durable consumer goods sectors such as Cars 
(Koptyug, 2019) and Powertools (Report, 2020), the German durable consumer 
industry as a panel has been chosen for this study. Although the study is focused on 
the German market, the findings may be used by other markets as the research issue 
is not limited to certain country or region.  
 
 
1.3 Research Questions & Objectives 
The aim of the study is the design and development of a Smart Data framework for 
durable consumer goods companies in Germany. The Therefore, the research 
objectives are: 
 
• Critically review the use and exploitation of Smart Data in various sectors 
with a view to build analogies for the durable consumer good businesses in 
Germany, 
• Analyse the challenges faced by companies using Smart Data in durable 
consumer good companies operating in Germany, 
• Recommend a framework for strategic exploitation of Smart Data for durable 
consumer goods companies in Germany with a view to business efficiency, 
service improvement and competitive advantage 
 
The research questions will focus on answering the following: 
 
• How does the use of Smart Data systems support an efficient and agile price 
setting in durable consumer good companies?  
• How can Smart Data have a positive impact on the business performance 




In order to design and develop a Smart Data framework, it is essential to review the 
exploitation of Smart data and the usage in the industry. Furthermore, it is important 
to face the challenges which are occurring using Smart Data in the industry. 
 As there is evidence, that pricing capabilities are strongly connected with the 
performance of a company (Liozu & Hinterhuber, 2013), the first research question is 
focusing on how an agile pricing may support the company’s performance whereas 
the second research question is focusing on the impact Smart Data might have on the 
business performance in general. In the context of Smart Data, agile pricing plays a 
very important role as it can grasp global transparency on products, prices, 
movements, markets & trends, identifies competitive behaviour and pricing and offer 
strategies how to leverage, modelling sales strategies and marketing campaigns at 
the right time and detect of grey-markets and recognition of parallel markets and 




A research design combining both qualitative and quantitative approaches is 
employed. The choice of methods for this study is motivated by the desire to combine 
available secondary data (literature review), online survey, and a series of interviews 
to use all positive aspects of both approaches. The general strategy which would result 
in the acquisition of new knowledge for this study is inductive (often associated with 
quantitative data) and it is common to relate this process to the interpretivism research 
philosophy (Saunders et al., 2015). 
 
The approach which combines both qualitative and quantitative methods was 
determined to be the best approach to answer the research questions by enhancing 
the perceived quality of the research and providing the best means to explore and 
examine the topic under study (Blumberg et al., 2014). The development of a 
framework on how to best deal with Smart Data to enhance business performance will 
be subjected to validation through empirical data collected from both qualitative and 
quantitative methods. The sequential explanatory data collection strategy employed 




• Data Collection phase I: Collection and Analysis of secondary data 
• Data Collection phase II: Online survey directly distributed to the targeted 
sample followed by interviews and analysis of generated data.  
• Data interpretation phase: All collected data is reflected upon on and interpreted 
 
A more detailed description of the methodology and the rationale for the adaptation is 
described in chapter three. 
 




1.5 Research Contributions 
Currently there are different interpretations of Big Data and Smart Data and how the 
efficient use of data will lead to business performance improvement and competitive 
advantage. In addition, only a limited number of publications have been published 
which deal with the impact of data on business performance and competitive 
advantage. The designed and developed framework as the core of this study 
contributes to knowledge. In addition, all the findings as well as the proposed 
framework will assist durable consumer good companies to benefit from a manageable 
and practically driven approach on how to deal with Smart Data efficiently and 
effectively for enhanced business performance and competitive advantage. In 





1.6 Research Ethics 
The research ethics for this study is based on the University of Bolton ethical 
guidelines for conduction research and RE1 submitted at R1 stage of the programme. 
 
1.7 Structure of the Research 
The structure of the research is illustrated in figure two. The commentary supports and 
describes the structure in more detail. 
 
 
Figure 2: The research process 
 
Chapter one introduces the background to data and its relevance to business 
environment and the society. To translate the main idea into a research question, this 
chapter identifies the background of the study, followed by the motivation, problems, 
objectives, methodology, research contributions, and the structure of the study. 
 
Chapter two provides a review of literature exploring the theoretical foundation of Big 
Data and Smart Data and its connection to business performance. The review will 
focus on relevant published articles, books, journals, conference proceedings, and 
past empirical studies.  
 
Chapter three describes the methodology used to generate relevant data that would 
be used to answer the research questions. The chapter provides arguments on the 
selection of the research method, unit analysis, the instruments or procedures to 




Chapter four presents the qualitative and quantitative results and analysis. The 
diagrams, tables, and figures are developed to support the arguments and the 
research questions. Based on the findings, a business performance framework will be 
developed for companies to deal with relevant data more efficiently. 
 
Chapter five provides a conclusion to the study in order to address the research 
objectives. This chapter would also include information on the theoretical and practical 
implications, together with recommendations for further research. 
 
Summary 
This chapter laid the foundations for the proposed study on how data can be used 
efficiently to improve the business performance. It introduced the research problem 
and questions, and set the objectives for the study. The methodology was then briefly 
described and justified, and the research chapters were outlined and the limitations 
were given. Based on these foundations, the thesis can proceed to further chapters 











Chapter 2: Literature Review 
This chapter reviews and analyses relevant and existing research in the area of Smart 
Data and its exploitation in relation to enhancing business performance with a view to 
competitive advantage. It is based on the research aim, questions, and objective and 
it is intended to highlight the gap in the literature and develop a theoretical foundation 
for the study and address the issues that need to be explored further in the study. 
 
The structure of the literature review is based on Knight’s & Zuber-Skerritt’s (1986) 
model of knowledge (figure three). The purpose of presenting this analytical 
classification model is to help the readers to follow the sequence of the chapter. Initially 
the review concentrates on the area of the relationship between Smart Data and Big 
Data and how the efficient use of the same can lead to enhanced business 
performance in general, followed by the analysis of Smart Data contribution to 
business performance in different business sectors of the economy. Following the 
classification model of the parent discipline is developed and the immediate discipline 
of the research problem will be explored. The literature review would then identify the 
boundaries of the research problem which focuses on the durable consumer goods 




Figure 3: Analytical classification model 
Parent discipline 
Research problem area 
Boundaries of the research problem 
Parts of the research problem studied in 
previous research 




Source adapted from Knight & Zuber-Skerritt, (1986) 
2.1  The Power of Data 
There is general agreement that the exploitation of relevant data significantly 
enhances the chances of business success. Forecast prediction tools, production 
planning tools and different warehousing tools are only some examples that has had 
a significant impact on business operations already (Laguna & Marklund, 2018). 
However, this is only the start, as data is on the way to become a key driver in the 
context of competitive advantage and enabling companies to take the right strategical 
decisions. 
 
2.1.1 Big Data 
The term “Big Data” was first used in 1980 by Sociologist who used the term as a 
magnitude for the term “data” in a different context (Tilly, 1980). However, the first 
article on Big Data in the modern context was published by Mougalas in 2005. Big 
Data contains a large number of different fields such as messages, images, posts on 
social media networks, GPS signals from phones (McAfee & Brynjolfsson, 2012), 
historical data, business data, geographical data, and much more (Manyika, et al., 
2011). According to Lohr (2012) we are in the new era of Big Data where Facebook 
and Google are efficiently using user search data and posts to connect them with the 
advertisements designed to meet their needs best. During the World Economic Forum 
in Swiss (2012) data was declared as a new class of economic asset comparable with 
gold or a new currency which underlines the importance and value of data. The use of 
Big Data can also improve business performance and ensure efficient operations, 
customized promotions (Lohr, 2012), assist in implementing new business models and 
establishing new markets (Glick, 2017).  
 
Big Data of whatever size, velocity, and variety of data set requires new tools in order 
to compute. Although the data volume may be considered big by today’s standards, it 
is very likely to be the norm in the future perspective (Runciman & Gordon, 2014). This 
is precisely the reason why the word “Big Data” may not be appropriate and experts 
expect that the word “Big” will be dropped as the description fails completely as the 
“big number of connections” between people, places and things that are the actual 
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valuable element of Big Data (Baker & Gourley, 2014).  
 
2.1.2 Smart Data 
The literature introduced the term “Smart Data” around 2009 (Fisher, 2009) expressing 
the use of all relevant data for bringing value and support for decision making (Marr, 
2015). Generally, there are two types of Smart Data which are often discussed by 
academic and practitioners. The first is information collected by sensors and send to 
a collection point and acted upon before it is sent to analytics platform. Such data is 
sourced from smart sensors and is often used for ‘Internet of Things’ (IOT) systems. 
The second is Big Data that has been processed and is waiting to be turned into 
actionable information. As proposed by Khakimullin (2018), data coming and going to 
smart sensors will be called ‘Sensor Data’ whereas the term ‘Smart Data’ refers to Big 
Data that has been transferred to useful and actionable data. 
 
Smart Data is defined as the data that is transformed into information for decision-
making and action cycle in that different data sources are brought together, filtered, 
analysed, and correlated to be able to deliver actual information which enables 
companies to decide or take actions. Therefore, Smart Data has to be seen as a set 
of technologies and processes including the structures associated with it that enable 
the companies to deliver value of the existing data.  
 
Smart Data is one of the key foundations of business intelligence (Lafrate, 2015), 
whereas Big Data is more focused on collection of data volume, variety, and velocity, 
Smart Data however, focuses on bringing actual value to the business. Therefore, 
Smart Data only contains all kinds of relevant data which have been already filtered, 
analysed and embody the framework for the actual decision-making process (Lafrate, 
2015). According to Jähnichen (2015) Big Data is the rare material which needs to be 
refined to Smart Data, as such, Big Data may be considered of limited significance 
unless it has been transformed to Smart Data. In addition, the work of García-Gil et al 
(2017) lead to similar findings where they discovered that no matter the size of the Big 
Data sets, it only became of use and have a real impact once it has been transferred 
to Smart Data. According to Hardawar (2017) a perfect example for the efficient use 
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of Smart Data and the interaction of data and the real world is the google lens which 
uses huge databases, links all information together, and provide consumers with the 
required information, sights, or products, by simply scanning the objects with the 
google lens. Smart Data can also be used to set the pricing based on the generated 
data which allows price management flexibly and efficiently through intelligent and 
adaptive incentive mechanisms (Niyato & Thai Hoang, 2016). Referring to the use of 
Smart Data for pricing Sen et al (2014) highlights the fact that Smart Data pricing is 
already the basis for several industrial sectors including airline companies, car rentals, 
big online players like Amazon and will spread out to all industrial sectors.  
 
2.1.3 From Big Data to Smart Data 
According to Coffey (2016) in 2020 the volume of all data stored will have a size of 
forty Zettabytes which equals sixty times the number of all sand grains on all beaches 
worldwide. Moving from Big Data to Smart Data and make this huge volume of data 
business relevant, device, analytics, and domain expertise has to be conducted, as 
illustrated in in figure four. Device expertise consists of technical specialties and 
knowledge such as mechanical structures and sensor measured variables. Analytics 
expertise analyses the available data and creates an architecture for processing the 
data and domain expertise, which consists of knowledge and data of market drivers, 
customer needs, and product cycles convert Big Data to Smart Data.  
 
 
Figure 4: From Big Data to Smart Data 





2.1.4 Business performance and competitive Advantage through efficient use 
of data 
Big data offers a viable way to understand the modern world and to transform this 
knowledge into usable information and insights that allow for better decision making, 
and in the case of businesses, to achieve competitive advantage over competitors as 
big data promises to provide the means for making the right decision at the right time 
based on faster, more accurate, more efficient, and more effective aggregation and 
analysis of internal and external sources of data, in ways that are unparalleled in 
human history (Barham, 2017). According to Wheelen & Hunger (2012) and Clegg et 
al (2011) good business strategy aims to improve the competitive position of the 
company’s products and services within the target market or segment. Considering 
the work of Porter (1985) on competitive strategies, Rayner (2017) is of the view that 
efficient use of data will not only lead to competitive advantage but also to efficient and 
innovative solutions and products. Further, the agility is an essential asset for a 
company to efficiently adapt to the changing market demand through organisational 
changes (Argyris & Schön, 1978; Senge, 2010; Kotter, 2014) and adapting to cultural 
demands (Hofstede, 2004) by using an efficient and agile price setting (Teece et al., 
2016) to ensure competitive advantage. The playground for competition is now global 
and the required respond rate for customer demands is more agile, hence Kotler et al 
(2016) strategies could provide a number of useful options for company’s who wish to 
survival and success. Therefore, one of the major requirement for Smart Data to lead 
to competitive advantage and improvement of the business performance is that the 
data is generated with a required level of speed (Drucker, 1964; Culp et al., 2016) to 
enable the business to adapt to customer requirements quickly (Loeb, 2014; Aghina 
et al., 2015; James, 2015; Purkayastha & Sharma, 2016) and that the data is of value 
supported by high level of accuracy and reliability (Coffey, 2016). 
 
To ensure sustainable strategic value and survival in the competitive landscape of 
rapid change, companies are expected to develop dynamic capabilities for adapting, 
integrating, and reallocating existing resources in order to match the needs of the 
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changing environment (Karimi & Walter, 2015). Creating the ability to use these 
dynamic capabilities leads to a strategic agility which allows companies to recognise 
and capitalise from opportunities that lead to competitive advantage on time 
(Sambamurthy et al., 2003). According to Ransbotham & Kiron (2017) strategic value 
derives from analytics. To gain real strategic value it is essential that companies are 
moving from general-purpose to specialized analytics especially optimized to address 
specific measures. Moreover, they suggest that organisational silos have to be 
eliminated to coordinate data sharing and analytics across functional boundaries. 
 
2.2  Data Driven Decision Making 
According to Thorstad & Wolff (2018) the way that people think about the future is the 
most relevant factor when people are making future-oriented decisions. However, 
social factors and variety of different and available information have an impact in the 
way people make decisions. 
 
Jansen et al. (2017) is of the view that organisations are searching for ways to use the 
power of Big Data more efficiently to improve their decision making. Despite its 
significance, the impact of Big Data on decision-making quality has received limited 
attention in the literature. To contextualize data and make it a valuable source in the 
decision-making process contractual governance mechanisms are required to ensure 
the quality as the challenge is not only the data size but also factors like liability of 
data, the heterogeneity of data, and constantly changing data sources. 
 
In order to transform into a data driven company the empowerment of the employees 
is the key leadership style forming allowing self-responsible employees driving the 
business (Chhotray et al., 2018). In contrast to the empowerment the organisations 
for sure have to also set boundaries by implementing Data regulations (El Arass & 
Souissi, 2018) and define access level of the data for certain employee groups in order 
to ensure data quality and security (Sagiroglu & Sinanc, 2013). In order to measure 
the status and success on any analytics tangible KPI’s have to be defined  (Lafrate, 
2015). These KPI’s may not only support driving the business but also support for 
internal justification of the benefits and success of the implemented data application 
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(Lafrate, 2015). According to Stobierski (2019), embodying data driven decision 
making, employees make more confident decisions, become more proactive and the 
company can realize cost savings. According to a recent survey of the Journal Fortune 
1,000 executives conducted by NewVantage Partners for the Harvard Business 
Review, 49 percent of companies leveraging on data driven decision making, reduced 
their expenses though more efficient usage (Stobierski, 2019). 
 
2.2.1 Use of Smart Data in the industry 
Although the efficient use of Smart Data is complex, there are examples of companies 
which already using Smart Data in an efficient way. This section analyses an existing 
example of a company already using Smart Data in an efficient way. The aim is to gain 
a general understanding of the approaches to the use of Smart Data in the industry. 
 
In 2017, Mobis Parts, an auto parts manufacturer in Australia was planning to acquire 
a new analytics and reporting platform which support real-time reporting on inventory, 
sales performance, and vendor pricing. (Lawton, 2018) In addition, these analytics and 
reporting platform required to able predict future demand and sales. (Lawton, 2018) 
Further, the tool required to offer robust business intelligence functionality and had to 
integrate seamlessly into the daily operations of a broad network of internal users, 
vendors, and dealers. Also, the tool was required to be appealing and easy to use 
otherwise the people would be reluctant to use the tool and share their updates with 
the rest of the company. The company adopted the OpenText Analytics platform to 
provide a clearer and more current view of information related to various aspects of 
business including; shipping times or inventory levels of a specific part, which lead to 
more accurate analyses and predictions (Lawton, 2018). This is a perfect example on 
the importance of Smart Data and the ability of Smart Data to make a business more 
efficient. 
 
2.2.2 Use of Smart Data in the durable consumer good industry 
The durable consumer good industry has the speciality that before purchasing durable 
goods, consumers usually conduct an extensive search (Bag et al., 2019). According 
to Bronnenberg et al. (2016) consumers who are searching for a camera start the 
purchase journey in average 14 times before the purchase is actually happening. The 
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purchase journey start by looking for products which relates to their needs and further 
develop product knowledge and thorough screening of reviews before confirmation of 
purchase.  
 
Gnanapragasam et al. (2018) published the results of an online national survey in the 
UK, focusing on factors affecting customer purchase across eighteen product 
categories. The study sought to develop an understanding of these factors across a 
comprehensive range of durable goods, this would expose product categories which 
present opportunities for further research, policy development, and subsequent 
product innovation. The response for each product category varied between 635 to 
1212 participant which meant impricially very robust results would be expected. As 
this study was not conducted in Germany, the results may be not 100% applicable to 
German. However, analogies of different behaviour depending on the category can be 
assumed. These findings which are displayed in figure five show how different the 
customers perceive the relevance of the factors; appearance, brand, guarantee, 
longevity, price, and reliability depending on the product category. The factor reliability 
was only assessed for products which holds electronic or mechanical parts like 
bicycles, cars, electronic devices, jewellery, kitchen appliances. 
  
Based on those findings (figure 5), it is fair to assume that each sector of durable 
consumer goods is unique and complex. Due to that the efficient use of Smart Data 










2.2.3 Data visualization  
According to Lawton (2018), a key driver for successful implementation and efficient 
use of data is the visualization. The most relevant information should be visualized in 
an easy to read and usable way so that people without Business Intelligence or 
scientist background can read and follow the information. Location intelligence is an 
important asset and enables businesses to drill down and analyse time and location 
data together to gain a better understanding of the entity that is most valuable to them 
(Negahban, 2018). In addition, Lawton (2018) points out that visual analytics experts 
generally recommend to focus on easy to read charts and lines to make it more clear 
and to understand relationships between the relevant elements in Smart Data. Another 
very efficient way is the use of real-world maps displayed in figure six which show with 
a scroll over the relevant section detailed information which might be useful for 






Figure 6: Map data visualization to the real world 
Lawton, (2018) 
 
Stull-Lane (2017) points out that the following features are a must-have for any 
advances visual analytical tool: 
 
• Segmentation and Cohort Analysis 
• Scenario and What-If Analysis 
• Sophisticated Calculations 
• Time-Series and Predictive Analysis 
• External Services Integration 
However, figuring out a proper visualization is seen to a rather small challenge in the 
process of implementing new analytical tools. 
 
2.2.4 Smart Data Migration 
The process of moving data from one system to another is called data migration which 
usually involves a change in storage, database or application. In the context of extract, 
transform, and load (ETL) process, any data migration must at least include the 
transform and load steps. This suggest that the data first has to be prepare to be 
loaded and used in the target location (Oussous et al., 2018). Such migrations are 
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undertaken by companies for several reasons including the overhaul of an entire 
system, establish new warehouses, merge of data after an acquisition of a company, 
upgrade a database (Talend Team [Online], 2018) or implementing advanced 
analytics using Smart Data (Grover et al., 2018). According to Talend Team (2018), 
every strategic data has to consider the following critical factors: 
 
Knowing the data: 
Before migration, all data has to undertake a complete audit as unexpected issues can 
occur if this step is ignored. 
 
Clean up: 
Once issues with the source data are identified, they have to be resolved. Depending 
on the scale of work this might require additional software tools or third-party 
resources. 
 
Maintenance and protection: 
As data usually undergoes degradation after some period of time, control processes 
should be in place in order to maintain data quality. 
 
Governance: 
Tracking and reporting on data quality is important because it enables a better 
understanding of data integrity. The processes and tools used to produce this 
information should be highly usable and supported by automated functions where 
possible. 
 
2.2.5 Strategic approaches to Smart Data 
Gartner (2015) predicted that up to 60% of all Big Data projects will not go beyond 
piloting phase until the year 2017. The main reason for this failure was that a 
successful advanced analytics strategy is much more than only acquiring the right 
tools. The key is to change the mindsets and culture within a company and to be 
creative in search of success. Further, there are four key initiatives which ensure a 
successful Smart Data Project implementation. According to Gartner (2015) the first 
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initiative is to choose a business problem that offers an initial win. This means to 
concentrate on a problem which has the biggest impact or the quickest payback. This 
can be daily operational decisions, planning process, or strategic topics. The higher 
the uncertainty and complexity of data involved, the better the chances for success of 
the implementation. 
 
The second initiative consists of outsourcing or purchase packaged apps in the 
absence of advanced analytics and expertise. The majority of companies assume their 
current way of having own Business Intelligent teams dealing with all aspects of Big 
Data including their implementation allows further capabilities internally. However, 
there is another option for organisations that lack of internal skills to build advanced 
analytics. Using external service providers who deal with the advanced analytics 
applications to show the value of advanced analytics expertise for a particular problem. 
 
The third and very crucial initiative is to identify stakeholders within the organisation 
that need to be convinced of the value of advanced analytics. These might be the 
decision makers or the people who have to carry out the actions. Besides selling an 
attractive business case, it is more challenging to change people’s beliefs and to make 
them understand why they might have to change their thinking. Due to that, the 
success of advanced analytics is to not only communicate the value but also change 
the company culture to a data driven one. 
 
The fourth and final initiative is to decide which skills and tools needs to be developed 
internally. According to Gartner (2015) the best in class analytical companies have 
own internal solutions but it may not be the right way to build up capacities internally 
for the start but use external resources. 
 
Mac Innes (2017) who generally agrees with the work of Gartner (2015) is convinced 
that the fact, that the data volume and sources are gaining continuously, encourages 
companies to search for solutions and to make sense of the data by sorting important 
available data from less important data. In addition, Mikalef et al. (2016) created a 
strategic framework to point out the most relevant factors to gain strategic relevance 
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through Big Data. Figure seven displays this framework. Based on their findings the 
first and most important factor to reach competitive advantage is IT competencies 
within a company which include the IT resources like infrastructure, skills, relational IT 
resources and data storage, and efficient data handling. The second key factor is 
organisational capabilities and business strategy. This also includes IT enabled 
dynamic capabilities like sensing, learning, coordinating, integrating, and 
reconfiguring. However, the framework may be criticized for lack of references to 





Figure 7: Conceptual Research Framework 
Adapted from Mikalef et al., (2016) 
 
2.2.6 Smart Data and Business Intelligence 
According to Vinnakota (2012) Big Data and Smart Data applications are the 
successor of traditional business intelligence (BI) tools and bring major improvements. 
Whereas the scope of traditional BI is limited to structured data, the fact is that over 
90% of today’s data is unstructured, consequently traditional BI tools leave out over 
90% of relevant data. However, this missed out data can be taken into consideration 
with Smart Data applications. Based on that, traditional BI is left behind by forward-
looking businesses that are keen to gain competitive advantage from unstructured 
business data floating around, within, and beyond their enterprise. While traditional BI 
was created to give the management a good overview of the customer performance 
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in different areas including Finance, Sales, Human Resources, Marketing, IT, and 
purchasing, Smart Data analytics is aiming to provide a tool to drive actual decisions 
and predictive analytics taking all relevant data into consideration (Marr, Big Data: 
Using SMART Big Data, Analytics and Metrics to Make Better Decisions and Improve 
Performance, 2015). Figure eight illustrates the difference between the classical BI 




Figure 8: Comparison Traditional BI and Smart Data 
 
2.2.7 Smart Data and Artificial Intelligence 
Artificial Intelligence is a sub-field of computer science with the target of machines 
being and acting human-like and autonomous. Tasks which would normally require 
human intelligence such as visual perception, speech recognition, decision-making 
and translation of languages, are all fields where Artificial Intelligence (AI) can act 
autonomous without human interactions (Marr, 2018). 
 
Most businesses would like to capitalise from the opportunities provided by AI, 
however, irrespective of the purpose of AI, Smart Data is required to enable AI to 
become intelligent. The main difference between Smart Data applications and Artificial 
intelligence is that applied AI enables computers to make decisions on their own 
(Welsh, 2019) , while Smart Data frameworks propose actions to the human user but 
the decision making is still in the power of the human not in the hands of the computer. 
 
Factors Traditional BI Smart Data 
Speed of Data 
processing
Primary while data input or 
query
From parallel processing to 
streaming
Data Updates Daily/multiple times daily Real Time/Near Time
Type of Analytics
Easy to mid complex queries 
or analytics
Up to advanced analytics
Data Volume Smal to mid sized Huge data sets possible
Use Cases
E.g. General Reporting for 
Finance, Marketing, Sales, 




In fact, the authors of this article have the conviction that AI may not be able to deliver 
some of its promises when considering decision making. For example: there are three 
leading competitors on similar positioning, similar strategies, similar sizes and all using 
similar AI concepts. In case the market signs would give to all the AI systems the signal 
all three companies would react in the same way and competitive benefits would not 
be realised and other competitors may benefit from the action of the three main 
players. In contrast, using Smart Data applications the systems would propose a 
certain reaction to the market signs and the responsible department of the respective 
company can still evaluate in which way this proposal makes sense or not. The 
combination of AI and Smart Data would support analytics, correlations, patterns, 
taking environmental changes into consideration. However, the above together with 
available technologies such as cloud and emerging technologies provide significant 




2.3  Maturity Models 
A maturity model is a tool that helps people to assess the current effectiveness of a 
person or group and supports figuring out what capabilities they need to acquire next 
in order to improve their performance (Fowler, 2014). In the context of business and 
Data, those models look at both the technology and the cultural aspects of the 
company. The lower a company in the scale means that they are not getting the most 
value out of their data  (Madera & Laurent, 2016).  
 
2.3.1 Data Maturity Models 
McKinsey (2017) conducted a study which demonstrates that companies go through 
four different stages integrating data lakes into the existent infrastructure (McKinsey, 
2017) shown in figure nine.  
 
 
Figure 9: Stages of data-lake development 
McKinsey, (2017) 
 
Stage one: landing and raw-data zone: 
At the first level, the data lake is totally detached from core IT systems and serves as 
a low-cost capturing tool. The data lake serves as a specified small area within the 
data technology in the company that allows raw data to be stored indefinitely before 
being prepared for use in computing environments (McKinsey, 2017). In this step, 
companies can deploy the data lake with minimal effects on the existing architecture 
(Madera & Laurent, 2016). Strong governance of data is required during this early 
phase if companies wish to avoid creating a data junk (Merendino, et al., 2018). 
 
Stage two: data-science environment: 
At the second level, companies may start to more actively use the data lake as a 
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platform for experiments. Data scientists have easy, rapid access to data and may 
focus on running experiments rather than focusing solely on data collection and 
acquisition (McKinsey, 2017).  In this stage companies may work with raw data to build 
prototypes for analytics programs. Based on this a range of open-source and 
commercial tools alongside the data lake may be developed (Collier, 2016). 
 
Stage three: offload for data warehouses: 
In the third level, data lakes are starting to be integrated with existing enterprise data 
warehouses Based on this, companies can take advantage of the low storage costs 
by using the data to generate insights without pushing or exceeding storage limitations 
and without having to dramatically increase the size of traditional data warehouses 
(McKinsey, 2017). In this stage existent extractions with high intensity can be carried 
on while transformation task integrating the data lake into the existent enterprise data 
warehouse can be carried out for extractions with lower intensity (Pasupuleti & Purra, 
2016). 
 
Stage four: critical component of data operations: 
Once companies get to the fourth and final stage of rollout and development, it is very 
likely that the majority of information that flows through the company processed 
through the data lake. Due to that the core part of the infrastructure is embodied in the 
data lake replacing existing data marts or operational data stores and enabling the 
provision of data as a service (McKinsey, 2017). As a result, the business can take full 
advantage of this technology and has the ability to handle computing-intensive tasks 
and advanced analytics or to deploy machine-learning programs  (Pasupuleti & Purra, 
2016). Some companies may decide to build some data-intensive applications in 
addition to the data lake like for example a performance-management dashboard. 
Others may implement application programming interfaces to seamlessly combine 
insights gained from data-lake resources with insights gained from other applications 
(McKinsey, 2017). 
However, the model gives good insights about the different stages a company runs 
through, the model is lacking of in dept information what to do moving from one stage 
to the other and which major barriers to overcome in which manner. In addition, 




The Data Analytics Maturity model of Gartner (2012) is shown in figure ten. The model 
illustrates the relationship between different types of analytics. In the model four major 









The objective of descriptive analytics is answering the question of what happened 
(Gartner, 2012). Therefore, descriptive analytics always deals with data from the past. 
As examples, a retailer could gain insight into their average daily/ weekly/ monthly 
sales volume, or a manufacturer in the average downtime of their machinery (Elliott, 
2018). However, descriptive analytics is not capable to explain why this happened 
(Zych, 2017). Useful tools for descriptive analytics are Microsoft Excel, SPSS, and 






The objective of diagnostic analytics is to answer why something happened (Zych, 
2017). Diagnostic analytics takes a closer look at the data by measuring historical 
data against other relevant data to draw conclusions (Gartner, 2012). Commonly 
used techniques in diagnostic analytics are drill-down, correlations, probabilities, and 
identifying patterns  (de Jong, 2019). Questions such as “how effective was our 
promotional campaign based on customers response in different regions?” or “why is 
sales higher/ lower than last year?” can be answered  (de Jong, 2019). Despite the 
fact that diagnostic analytics offers limited actionable insights, it helps bring 
understanding of causal relations by looking at historical data (Gartner, 2012). 
Predictive Analytics: 
Developing from looking back in time, predictive analytics aims to tell what is likely to 
happen in the future (Gartner, 2012). As mentioned, descriptive analytics provides the 
foundation for more advanced analytics. Using predictive analytics, the quality of the 
previous two types of analytics shows their importance  (de Jong, 2019). Without high 
quality data, estimates provided by the predictive analytics are not of use (Gartner, 
2012). In addition, the predictions provided are only probabilities of the occurrence of 
a specific event, which means that there is no guarantee that this event may happen 
(Zych, 2017). The most famous examples of predictive analytics is demand forecasting 
(Gartner, 2012). Therefore, historic is used to predict the demand of the coming moth, 
quarter or year (Elliott, 2018). Some useful tools for predictive analytics are Python, 
MATLAB, and RapidMiner  (de Jong, 2019). 
Prescriptive Analytics: 
The final step of the ladder is prescriptive analytics, which aims to answers the 
question of which action to take to gain a future advantage or mitigate a threat 
(Gartner, 2012). Prescriptive analytics builds upon the results of predictive analytics 
however, it does not simply predict what is likely to happen. Prescriptive analytics 
suggests all favourable outcomes and suggests which action needs to be taken to 
reach a particular outcome. Unlike the previous three types of analytics, prescriptive 
analytics makes use of a feedback system to learn and improve the relationship 
between prescribed actions and their outcomes  (de Jong, 2019). Very well-known 
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examples of prescriptive analytics are the recommendation systems used by Netflix or 
Spotify  (de Jong, 2019). 
Using the different ladders of analytics may help to use given data in a very efficient 
way. The model as such is a great model to understand the different levels of analytics 
in their interlinks. However, the model does not give guidance how to move from 
descriptive and diagnostic analytics into actionable prescriptive data sets. Comparing 
this data set with the one of McKinsey (2017), this model purely focuses on the 
evolution of analytics and not of the organisation and data usage in the company as 
such. The model of McKinsey (2017) in contrast does not cover the specifics on the 
analytical development like Gartner (2012) but gives a general overview on how 
companies may develop in the way data is handled within the organisation. 
 
 
2.3.2 Big Data Maturity Models 
The maturity of Big Data can be described as the stage in the evolution of a company 
to integrate, manage and leverage on relevant internal and external data sources. In 
consequence an innovative ecosystem which delivers meaningful insights of the 
business and create business value is required (Halper & Krishnan, 2014).  
The Big Data Maturity Model of Halper & Krishnan (2014) consists of five stages: 
nascent, pre-adoption, early adoption, corporate adoption, and mature/visionary. 
Figure 11 illustrates these stages and the process moving through each stage. This 
maturity framework also includes a chasm as organisations move from early adoption 
to corporate adoption. In the following all of those stages are being analysed. 
 
Stage one: nascent 
The nascent stage represents the pre–big data environment (Halper & Krishnan, 
2014). In this stage, majority of companies have a quite low awareness and knowledge 
of Big Data. In this stage there is generally a luck of executive support even though 
there might be some people within the company who are interested in Big Data and 
gaining efficient value out of the existent data (Thompson, 2019). Usually the 
organisation has bought through external knowledge into the concept of analytics and 
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it may have a data warehouse, however it has not yet started to explore and leverage 
on advanced analytics or started the Big Data journey (Halper & Krishnan, 2014). In 
consequence this may also mean that the current governance strategy is more IT 
centric than business-and-IT centric (Halper & Krishnan, 2014).  
 
Reviewing the Data management at this stage, despite in the most cases data 
warehouse system is in place, a nascent organisation will still have also collected data 
as files with different formats, missing naming standards and a minimalistic defined 
storage structure (Halper & Krishnan, 2014). In reality, data that could be very 
beneficial may be ignored as no one knows how to use the data. (McKinsey, 2017). 
Furthermore, the organisation usually does not have an aimed data architecture in the 
mind. The focus regarding the data strategy is rather short term driven and immediate 
results than setting up a real data strategy (McKinsey, 2017). Companies at this stage 
may not yet figured out what it means to be data driven enterprise (Elliott, 2018).  
 
Reviewing the Infrastructure at the nascent stage, the information management 
standards sit usually with the infrastructure of the corporation (Halper & Krishnan, 
2014). Handling Big Data efficiently and effectively, requires profound understanding 
of the required infrastructure to support critical Big Data components such as data 
types, data volume, user and data security, access to information, processing 
requirements, and information storage (Halper & Krishnan, 2014; Mikalef et al., 2016; 
McKinsey, 2017). The nascent organisation often underestimated the relationship 
between the infrastructure and data and the success of Big Data usage (Mikalef et al., 
2017).  
 
Reviewing the Analytics at the nascent stage, organisations may or may not make 
already make use of advanced analytics. In case the company has advanced analytics 
in place, it is generally within a department and targeted at a specific function such as 
marketing. As a result, analytics is occurring in silos in the organisation (Halper & 
Krishnan, 2014).  
 
Stage two: pre-adoption 
In the pre-adoption stage, the organisation is starting to do get familiar big data 
analytics. Employees may start researching about the topic and attending conferences  
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(Halper & Krishnan, 2014). The company at this stage may have invest in some new 
technology, such as Hadoop, in order to support the Big Data implementation 
(McKinsey, 2017).  
 
Reviewing the organisation at the pre-adoption stage, just started the Big Data 
journey. Usually one executive sponsor is on often represented through the CIO 
(Halper & Krishnan, 2014). At this stage the general mindset is experimentation. The 
Team exploring Big Data and the potential and figuring out how to connect Big Data 
Analytics to major issues which the business is facing and how such analytics may 
help the company in this sense (Halper & Krishnan, 2014). The company realises how 
critical it is for the success of the project to identify the appropriate business problem 
(McKinsey, 2017). Usually the company uses analytics as part of the decision-making 
process in various departments, however the company itself is not data driven yet 
(Thompson, 2019).  
 
Reviewing the infrastructure at the pre-adoption stage, the company may try out 
Hadoop or some other big data technologies as part of the experimentation phase 
which leads to a proof of concept (Halper & Krishnan, 2014). However, the installation, 
configuration, and maintenance may be defined and a level of complaints standards 
have been set in place, the analytics is generally utilizing basic use cases (Thompson, 
2019). As an example, some companies may be built up a Hadoop cluster, however it 
is likely only supporting one kind of workload to support a single initiative or department 
and not the whole organisation (Halper & Krishnan, 2014). 
 
Reviewing the data management at the pre-adoption stage, the company may have 
started to identify and collect some Big data sources as part of the experimentation 
process. However, those data sets are typically in different formats, with minimal 
naming standards and minimally defined storage structure (Halper & Krishnan, 2014). 
From a data strategy perspective, the aimed architecture is defined (Thompson, 2019). 
Reviewing the analytics at the pre-adoption stage, the organisation has usually 
explored some kind of advanced analytics. There may be some groups of individuals 
who already adapted some predictive modelling. These statisticians or business 
analysts may be part of the general voice of the organisation that sees importance for 
a big data implementation as they see the value (Halper & Krishnan, 2014).  At this 
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stage they may be some external parties involved that consult the company helping to 
set finalize the analytics strategy or support with performing some kind of advanced 
analytics (Halper & Krishnan, 2014).Reviewing the governance at the pre-adoption 
stage, organisations usually have implemented a steering committee overseeing the 
program from a governance perspective (Halper & Krishnan, 2014).  
 
Stage three: early adoption 
This stage of maturity is usually characterized by one or two proofs of concept which 
become more established and production ready. There is a tendency that 
organisations tend to spend a long time in this stage, normally because it is hard to 
cross the chasm that leads to corporatewide adoption of Big Data and Big Data 
analytics (Halper & Krishnan, 2014). 
 
Reviewing the organisation at the early adoption stage, there is generally at least one 
executive sponsor involved (Thompson, 2019). More executives might start to gain 
interest as the company show some wins in the proof of concept. As more leading 
members the organisation gets excited about the potential of big data, more people 
start to come on board (Halper & Krishnan, 2014). In consequence, usually a team is 
established to start to plan and strategize for a wider Big Data scope (Halper & 
Krishnan, 2014). 
 
Reviewing the infrastructure at the early adoption stage, there may be various kinds 
of big data technology in place. Th is may include an appliance or a Hadoop cluster 
and appropriate databases might be in place. However, the implementation of a 
architecture or ecosystem is not yet widespread and these technologies are not 
operationalized (Halper & Krishnan, 2014). 
 
Reviewing the data management at the early adoption stage, companies will have 
data collected of different formats, maybe with division or enterprise standards for 
naming and storage management. From a data strategy perspective, there may be 
metadata attributed at the division level and a defined end state data architecture, 
either in a semantic layer, in the platform architecture, or in a database layer. However, 
a solid companywide Big Data data management strategy is normally not in place.  
(Halper & Krishnan, 2014).  
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Reviewing the analytics at the early adoption stage, the organisation may be utilizing 
descriptive or even predictive analytics in its projects (Thompson, 2019). Some 
organisations might use different kinds of data but not in an integrated system. For 
example, organisations are likely to primarily leveraging on internal structured data but 
making use of unstructured social media data in another part of the company (Halper 
& Krishnan, 2014). 
 
Stage four: chasm 
According to Halper & Krishnan (2014), as organisations trying to move from early 
adoption to corporate adoption, there usually is a series of hurdles they need to 
overcome. Due to that companies tend to spend a large amount of time in this phase.  
 
Reviewing the factor funding at the chasm stage, majority of early Big Data projects 
are driven by a visionary executive IT member. Surely, it is critical to establish wins 
with these early projects in order to secure future funding. However, IT funding is often 
not enough as it needs the core business involvement and buy in is critical to get past 
the prototyping or prove of concept phase because they don’t have business funding 
and buy-in (Halper & Krishnan, 2014). Based on that, there needs to be a bridge 
between IT and the business in big data initiatives (Thompson, 2019).  
 
Reviewing data management and data governance at the chasm stage, a solid data 
management and governance plan needs to be implemented (Halper & Krishnan, 
2014). In order to reach corporate adoption, data is need to be shared across the 
organisation. In consequence, some sort of unified information architecture or 
companywide analytics platform, or at least a uniformed way executing analytics, is in 
place (Halper & Krishnan, 2014).  
 
Reviewing the architecture at the chasm stage, it is most likely complex and chaotic 
at this stage as companies tend to speed up in implementation (Thompson, 2019). As 
Big Data is complex, organisations that have been successfully implementing Big Data 
take a step by step approach but for each step are usually extremely precise and 
thoughtful in how they deploy big data technologies (Halper & Krishnan, 2014). 
Reviewing the skill set at the chasm stage, it is important to develop a required skill 
set for new technologies such as Hadoop or NoSQL databases. NoSQL database 
technology is a database type that stores information in document, key-value, wide-
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column, or graph instead of columns and rows used by relational databases. 
Consequently, NoSQL databases provide flexible schemas and scale easily with large 
amounts of data and high user loads (Rouse, 2019).In case a company has the 
relevant resources, companies are likely to hire staff with the required knowledge and 
skills (Halper & Krishnan, 2014). In addition, there is a big risk of disconnection 
between the Hadoop development team and the traditional data warehouse team. It 
is of high importance to get these two teams together (Halper & Krishnan, 2014). In 
order to cross the chasm, companies also need the skills to operationalise and is likely 
to commercial-grade Hadoop clusters or enterprise NoSQL to cross the chasm.  
 
Reviewing the cultural and political issues at the chasm stage, are the major 
showstopper moving to the corporate adoption stage if the company has a higher 
focus on costs structures than competitive advantage. Usually, this kind of roadblock 
more of an issue in large, more established companies than in small or midsize 
companies (Halper & Krishnan, 2014). Reviewing the governance at the chasm stage, 
a big data governance team is required to deal with data management, life cycle, and 
governance issues (Halper & Krishnan, 2014). 
 
Crossing the chasm can be a long where the companies need to ensure that the right 
governance, data architecture, data life cycle management security strategies, and 
organisational structures are in place (Halper & Krishnan, 2014).  
 
Stage five: corporate adoption 
The corporate adoption phase is the major crossover phase in any Big Data journey 
of a company (Halper & Krishnan, 2014). This phase is the transform phase of the 
business (Thompson, 2019). For example, the company is restructured in the way 
decisions are taken by operationalizing Big Data analytics in the organisation (Halper 
& Krishnan, 2014). Reviewing the organisation at the corporate adoption stage, the 
company usually comes to the conclusion that analytics is a key competitive 
differentiator (Mikalef et al., 2017).  
 
Reviewing the infrastructure at the corporate adoption stage, the company’s 
infrastructure usually is a tier one production class cluster that is installed and 
maintained in the data center, which might include the cloud. Further, a range of 
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technologies may be in use including enterprise NoSQL databases, Hadoop, and 
appliances or a data warehouse Additionally the information architecture is unified in 
a way that underpins the analytics.  (Halper & Krishnan, 2014) Additionally, there are 
defined standards on a company level regarding the installation, configuration, and 
maintenance of the infrastructure (Thompson, 2019). 
 
Reviewing the data management at the corporate adoption stage, the company is 
capable to make use of the existent data (Mikalef et al., 2017). Based on that, data 
sharing is a collaborative activity managed through strong data governance policies 
(Halper & Krishnan, 2014). In this stage the organisation is searching for new valuable 
data sources in order to improve the analytics (Thompson, 2019). From a data strategy 
perspective, there is a defined end state data architecture, either in a semantic layer, 
in the platform architecture, or in a database layer. Additionally, data life cycle 
management and a data auditability and lineage process or framework are well 
defined and implemented (Halper & Krishnan, 2014). 
 
Reviewing the analytics at the corporate adoption stage, the company is in a stage 
where the analytics already supports the organisation in positive way and analytics 
might be automated or integrated with the business process (Halper & Krishnan, 
2014). The organisation might be using machine-generated data together with other 
data about customers to determine a next best offer  (Halper & Krishnan, 2014). In this 
stage, companies are typically using new capabilities and not just existing BI 
infrastructure (Thompson, 2019). Reviewing the governance at the corporate adoption 
stage, the company may have program governance in place, with clear guidance for 
the program and a steering committee that oversees the program from a company 
perspective (Halper & Krishnan, 2014).  
 
Stage six: mature/visionary 
According to Halper & Krishnan (2014), only a few companies may reach the stage of 
visionary in terms of big data and big data analytics in the near future. At this stage, 
organisations are executing Big Data programs using a highly tuned infrastructure with 
well-established program and data governance strategies and the program is 
executed as a budgeted and planned initiative from the company perspective (Halper 
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& Krishnan, 2014). In the visionary stage, big data and big data analytics are strongly 
connected with energy and excitement and a “can do” mentality (Mikalef et al., 2016). 
Reviewing the organisation at the mature/visionary stage, analytics is recognized as 
a competitive weapon and the general mindset is heavily influenced by creativity. 
Based on that, analytics is not simply used to drive strategy or insight as the business 
is always looking for opportunities to use analytics in new ways (Halper & Krishnan, 
2014). As a result, a key characteristic of a company in this stage is that it is 
continuously determining new ways to use and create value from analytics while 
collaboration is a big part of the culture (Halper & Krishnan, 2014). 
 
Reviewing the infrastructure and data management at the mature/visionary stage, the 
company developed a coherent analytics infrastructure that is fully operational and 
can be used in all critical aspects of the business (Halper & Krishnan, 2014). 
Therefore, an important part of the infrastructure includes the ability to integrate new 
sources of data for analytics, regardless if its internal or external data (Mikalef et al., 
2016). The infrastructure leverages commercial Hadoop and enterprise NoSQL 
databases and there is security, disaster recovery, backup and recovery, performance 
management, and proactive infrastructure monitoring in place regardless if the public 
cloud is used (Halper & Krishnan, 2014).  
 
Reviewing the analytics at the mature/visionary stage, the company makes use of all 
kinds of data, including real-time data, and uses this as part of its decision making and 
incorporates into business processes (Halper & Krishnan, 2014). In addition, some 
visionary organisations may build an innovation team consisting of business and IT 





Figure 11: Big Data Maturity Model Guide 
Halper & Krishnan, (2014) 
 
In order to benchmark the individual maturity level of each dimension, Halper & 
Krishnan (2014) introduced a benchmarking survey which contains 50 questions 
across the five categories that form the Big Data Maturity Model which is illustrated in 
figure 12. 
 
Category one: organisation 
To which extend do the factors extent organisational strategy, culture, leadership, and 
funding support a successful big data analytics program? Which status and reputation 
does data occupy in the company (Halper & Krishnan, 2014)? 
 
Category two: infrastructure 
How advanced and coherent is the architecture supporting Big Data Analytics? How 
supportive is the current IT infrastructure for customers and users? How effective is 
the Big Data management approach? Which technologies are in place to supporting 
different Big Data initiatives, and how are they integrated into the existing IT 
environment  (Halper & Krishnan, 2014)?  
 
Category three: data management: 
To which extend are the variety, volume, and velocity of data used for Big Data and 
how does is Big Data being managed in order to support the Analytics? This 
incorporates data quality and processing as well as data integration and storage 




Category four: analytics 
How advanced is the company in using Big Data Analytics? This incorporates the 
kinds of analytics utilized and how the analytics are delivered within the organisation 
as well as the required to bring analytics to life (Halper & Krishnan, 2014).  
 
Category five: governance 
 How conclusive is the company’s data governance strategy in support of the Big Data 
Analytics program (Halper & Krishnan, 2014)? 
 
 
Figure 12: Big Data Maturity Assessment Criteria 
Halper & Krishnan, (2014) 
 
There are 50 questions in the assessment, ten in each of the five primary dimensions. 
Each dimension has a potential high score of 50 points. The ranking of each dimension 
is important as organisations can be at different in terms of maturity in the five 
dimensions plus an overall score (Halper & Krishnan, 2014). In addition, the individual 
gap is identified and recommendations that provides advice and best practices for 
getting to the next stages of maturity are provided (Halper & Krishnan, 2014). Figure 
13 illustrates in the upper part, the how the scores are connected to the stages. In the 
lower part the figure shows one example of the ranking of the different categories. As 
companies are different, the different dimensions can be weighted in order to identify 
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the overall rating. Based on Halper & Krishnan (2014), this is due to the company or 
industry. 
 
The maturity model of Harper & Krishnan (2014) is evaluated to be a good model for 
maturity of Big Data. In particular the questionnaire to measure the individual rank not 
only on a total scale but for each individual dimension is of value as not every company 
is the same and each of the dimensions will be in different stages in different times 
horizons. However, one weakness of the company is the evaluation of the overall 
score as the organisations do not receive advice how to weight the different 
dimensions in order to reach the overall score. This model would be much more 
advanced if there were empirical evidence that different industries would have different 
weightings for the different dimensions delivering empirical evidence and a suitable 
recommendation per industry.  
 
 
Figure 13: Interpretation Big Data Maturity Assessment 
Halper & Krishnan, (2014) 
 
 
The Big Data maturity model proposed by Thompson (2019), illustrated in Figure 14 
describe a five-stage model that can be used a guide figuring out where your company 









Figure 14: Big Data maturity model 
Thompson, (2019) 
 
Stage one: discovery 
Companies at stage one, are starting to research, review, and understand the nature 
and Power of Big Data and its potential to impact the business. Companies in this 
stage getting familiar with Big Data and resulting benefits. At this stage companies will 
begin to realize that their big data storage requirements are growing may most likely 
not be captured current technology in use. In this stage the majority will not realize the 
number of use cases where this technology can be applied. According to Thompson 
(2019) the majority will see big data as data storage or Hadoop application only. 
However, some people may be trained or knowledgeable on Big Data or advanced 
data analytics. At this stage there are no processes on corporate level available or 
implemented regarding Big Data and no routine on sharing best practices is in place. 
Regarding the technology the relational databases, will be most likely bellow one 
Terabyte level. Data growth is not planned or handled with current assets and 
technology. As a consequence, Applications will not handle higher level data growth 






Stage two: start up 
Organisations at stage two continue to understand what Big Data is but are now taking 
steps to design, plan, and install an initial cluster such as Hadoop and evaluate and 
select the Hadoop distribution and toolset  (Thompson, 2019). In this stage, business 
cases will be evaluated and analytics will be reviewed. At the enterprise level, steps 
are taking in order to plan and develop the big data storage requirements (McKinsey, 
2017). The realization process starts that Big Data can bring great benefits to the 
business as the use cases have been created and the topic now is much more tangible 
(Chiang et al., 2018). Some people may be trained or knowledgeable on Big Data. A 
few people are beginning to research into and define data best practices as related to 
big data. As several people are getting trained in Hadoop databases and beginning to 
come up to speed on technology  (Thompson, 2019). On a corporate level the process 
for big data architecture and systems, training, certification start to be defined and 
implemented. At this stage the reviewing of the architecture, design, and installation of 
Hadoop in the technology space is carried out (García-Gil, 2017). In this stage storage 
that will scale beyond the one terabyte data storage space is obtained (Thompson, 
2019).  
 
Stage three: tactical adoption 
At this stage, organisations understand the value proposition of Big Data (Elliott, 
2018). The evaluation continues and companies are learning at the tactical level. 
Generally, there is no strategic level planning or implementation at this level 
(Thompson, 2019). Companies begin to realize that their Big Data storage 
requirements are heavily growing and evaluating how to leverage that data as an asset 
(Chiang et al., 2018). Selected use cases initially chosen to be implemented which are 
integrated into the enterprise data warehouse and other data repositories (Gartner, 
2012). Additional people are being trained and learn about Big Data technologies. Best 
practices in the context of Big Data are being defined but not yet implemented. The 
implementation process for implementing Big Data processes have started at 
corporate level and establishing best practices (Thompson, 2019). Hadoop and 
massively parallel processing (MPP) databases are installed in the corporation. 
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Usually the data size is growing beyond ten terabyte level at this stage. Data is 
currently integrated from enterprise data warehouse and being retrieved from 
databases into Hadoop (Apache Software Foundation, 2020). Data growth is being 
planned with new storage assets and technology  (Thompson, 2019). 
 
Stage four: strategic integration 
At this stage Organisations understand Big Data and have implemented it (García-Gil, 
2017). First returns on the value proposition can be captured and some use cases 
have been developed and implemented. Use cases that can be applied have been 
identified and implemented with return on investment, and showing results  
(Thompson, 2019). At the enterprise level, the big data storage requirements are clear 
and the company is planning for data increase. In addition to big data capabilities, 
analytics and in particular the predictive analytics have been developed and are being 
used for fully predictive capabilities in the identified use cases (Chiang et al., 2018). In 
addition, massively parallel processing (MPP) database clusters have been created, 
implemented and connected to data sources (El Arass & Souissi, 2018). A lot of 
employees have been trained and experienced hands on working with big data. 
Processes as well as best practices are fully defined at the corporate level, and are 
routinely followed. Some best practices may not be fully followed but the majority is 
(Thompson, 2019). Big data technologies such as Hadoop, massively parallel 
processing (MPP) databases, and analytics, are fully implemented and applied on 
several projects and use cases (Thompson, 2019). The company takes advantage of 
the Big Data technologies. 
 
Stage five: visionary optimisation: 
Organisations at the final stage have a visionary and optimized understanding of Big 
Data and use for their benefit relevant Big Data capabilities  (Thompson, 2019). At the 
enterprise level, their big data storage requirements are fully captured and the 
company planned actively on basis of the requirements (Chiang et al., 2018). The 
required hardware software to handle large amounts of above 500 terabytes is in place  
(Thompson, 2019). Further, use cases have been defined, implemented, and the full 
Big Data and predictive analytics capabilities are captured (García-Gil, 2017). At this 
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stage the company is already transformed into a data driven and predictive 
organisation where data intelligence is generated that are allowing business to predict 
as opposed to react to customer requirements (Thompson, 2019). At this stage many 
people are trained or knowledgeable on big data or in relational databases and best 
practices are fully defined and taken into consideration. (Thompson, 2019). In addition, 
best practices and big data process is fully defined at corporate level, and routine for 
data management for databases and data management has been implemented. At 
the enterprise level, Hadoop, massively parallel processing (MPP) databases, 
enterprise data warehouse and other technologies are fully connected and integrated 
into the business use cases and fully support these use cases in the most efficient 
way (Thompson, 2019). 
 
The model of Thompson gives a good and brief overview on the different stages a 
company has to run through in terms of maturity before applying Smart Data. In 
contrast to Harper & Krishnan (2014), Thompson (2019) does not link different 
dimensions to differing maturity levels. In fact, Thompson (2019) does a huge 
generalisation assuming, that the different dimensions are generally so strong 
connected, that the situation within the different companies would be similar in the 
individual stage. Based on that, the Big Data maturity model of Harper & Krishnan is 
evaluated to be the more advanced maturity model which captures the situation in real 






2.4 Framework for advanced customer analytics 
The aim of customer analytics frameworks is to derive findings and knowledge to 
answer questions in a better manner. Fulfilling or even exceeding the customer 
requirements is one of the key elements when ensuring sustainable competitiveness 
in any industry (Harrigan, 2017). In order to use Data in the context of Business 
relations efficiently a framework is essential. There are only a few publications which 
investigate frameworks for using data efficiently. Kitchens et. al. (2018) published a 
detailed research in the Journal of Information Systems which dealt with advanced 
customer analytics. In particular, they investigated the strategic value through 
integration of relationship-oriented Big Data. This section is mainly based on Kitchens 
et. al. (2018) but takes variety of publications and findings into consideration as well.  
 
Kitchens et. al. (2018) proposed a framework (figure 15) for implementing advanced 
customer analytics solutions, including a set of constructs that may can be used to 
understand and predict consumer behaviour in a better way. The design of the 
framework, method, and instantiation is primarily related to the theory of relationship 
marketing frames with customers. Relationships with customers provide a source of 
sustainable competitive advantage and strategic value for the company. In order to 
make to make the framework helpful, the following factors have to be a part of the 
framework (Kitchens et al., 2018); 
 
• A rich set of relationship-oriented constructs to guide the identification and 
acquisition of valuable data for advanced customer analytics 
• A principled, flexible, versatile, and predictive model for extracting value from 
data constructs 
• Value-based evaluation metrics for action and outcome-oriented cost/benefit 
analysis 
• Construct evaluation leading to value-justified integration and data 
management investments in IT infrastructure to create a foundation for 
integrated data for analytics 
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• A portfolio of advanced customer analytics capabilities supported by IT-
enabled agility for providing strategic value through enhanced customer 
lifetime value and customer equity. 
 
This framework incorporates a wide number of aspects which are important for 
customer analytics. However, the author of this study believes that fundamental 
aspects like brand power, brand heritage, and a customer segmentation based on 
valuable segmentation criteria are missing. In addition, missing out such important 
information in the analytics phase, will have a significant negative impact on the quality 
of the predictions using the predictive model. 
 
 
Figure 15: Advanced Customer Analytics Framework  
Kitchens et al., (2018) 
 
2.4.1 Advanced customer analytics constructs 
In intending to guide the identification and acquisition of beneficial data sources 
Kitchens et al. (2018) developed a comprehensive and generalized set of potential 
construct categories. Some of these have rarely been used to predict customer 
behaviour as the integration is difficult. They suggest that only a synergistic approach 
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which takes data from a rich variety of sources into consideration is beneficial to create 
advanced customer analytics. This model is unlikely to take other further intangible 
customer characteristics such as expertise, risk affinity, and technical self-efficacy into 
consideration (Bolton et al., 2004). The following factors are still solid characteristics 
in order to build a valid advanced customer analytics construct. 
 
Transaction: 
The characterization Transaction with regards to customer relationship is the most 
basic one. The most used factors trying to predict customer behaviour are 
measurement of frequency, recency of monetary value involved in the transaction 
(Petty & Cacioppio, 2018). It may also include more details such as promotion, 
discount levels, payment types, or specific items purchased (Kitchens et al.,2018). 
 
Demographics: 
Demographics are basic information about the customer. Combining transaction with 
demographics is the starting point for every customer analytics construct. However, 
relationship marketing studies have discovered that the demographic background 
significantly influence the baseline expectations which is directly linked to satisfaction, 
repurchase intention, and purchase behaviour (Mittal & Kamakura, 2001; Lalwani & 
J., 2018).  
 
Engagement: 
Customers engage with companies in many ways beside the purchase transactions. 
Depending on the type of engagement, conclusions about future behaviour may be 
drawn (Beckers et al., 2018). Such engagements may be the visit of the corporate 
website, opening an email, contact customer service, visiting a forum, or posting a 
review online. In general engagement shows the interest of the customer to continue 
the relationship with a company (Kitchens et al., 2018). The level of sophistication of 
the ability to collect, measure, and analyse data is wide spread cross the different 
companies. Especially variables which are not controlled by the company itself such 
as social media tend to be problematic in terms of handling for the majority of 
companies (Beckers et al., 2018; Trkman & Trkman, 2018). As the capabilities improve 
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constantly, customer engagement has the potential to become a valuable resource for 
advanced customer analytics. The core challenge consists of the integration with other 
customer data for analysis purposes (Kitchens et al., 2018). 
 
Satisfaction: 
A number of empirical studies have shown that increasing satisfaction leads to an 
improved customer retention and increasing customer life-time value (Grover et al., 
2018; Kumar & Reinartz, 2018). Beyond satisfaction, there are other related 
perceptual constructs like commitment, loyalty, trust, and the perception of the 
company which are strongly connected with satisfaction and how customer feel and 
think about a firm (Beyari & Abareshi, 2018). The core challenge with satisfaction and 
related perceptions is the difficulty in measuring individual customer’s satisfaction. The 
majority of studies examine these perceptions on sample base surveys intending to 
explain customer relationships or measuring the entire market share rather than 
making individual-level predictions (Kitchens et al., 2018). 
 
Choice: 
Another core parameter is the customer’s first and subsequent choice of services or 
products purchased, especially if the products of choice differ horizontally significantly. 
The categories or products purchased can be and is an indicator for the level of trust 
or interest for a particular company and the likelihood of cross buying of certain product 
groups (Garrette et al., 2018; Kitchens et al., 2018). 
 
Channel: 
The channel through which the customer acquires products or services and continues 
to interact with the company provide important information about the customer and the 
relationship with the company (Kitchens et al., 2018). A mix of various channel 
interactions may lead to a positive effect on the customer loyalty (Ascarza, et al., 
2018). In addition, studies have found that customers using digital channels tend to be 
more loyal and active due to self-selection effects and greater opportunities to form 
connections with the company (Kitchens et al., 2018). Moreover, it is crucial to take 
into consideration that different channels may attract different customer groups 
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(Ascarza, et al., 2018). 
 
Messaging: 
The communication that customers receive from a company may impact on the future 
behaviour of the customer in relation with the respective company. The majority of 
companies focus on messaging in the context of informing customers about 
promotional activities to encourage the customer to a purchase. However, relationship 
building messaging which focuses on the customer’s view of the company may not be 
game changer for the short-term but a very rich tool ensuring a long-term relationship 
(Kumar, 2018). The mode and quantity of communications received may also impact 
customer behaviour. In both cases, too little and too much communication can be 
harmful. 
 
Firm and environment characteristics: 
The characteristics of a company and the operating market is the basis for customer’s 
relationship. Factors like brand equity, perceived fairness of the company, pricing 
policy, and corporate ethics have a major impact on the customer’s perception and 
relationship with the company (Zietsman et al., 2018). In addition, characteristics like 
competition, market share, and perceived complexity influence the customer’s view on 
the company (Kitchens et al., 2018). This construct incorporates a wide number of 
aspects which are important for customer analytics. However, the author of this study 
believes that fundamental aspects like brand power, brand heritage and a customer 
segmentation based on valuable segmentation criteria are missing. 
 
2.4.2 Characteristics of a rich predictive Model 
Relationship-oriented data can be in the body of many different formats, structured 
and unstructured. However, traditional machine learning methods are limited in the 
complexity of data which can be analysed. According to Kitchens et al (2018) to ensure 
full leverage of available value within each construct category for producing customer 




• Capable of theory-driven prediction to exploit the nuances of relationship-
oriented data 
• Flexible in accommodating complexity of a wide variety of data constructs of 
different formats 
• Versatile in application to a variety of customer analytics initiatives. 
 
Each of the above characteristics is embodied by a class of algorithms for pattern 
analysis introduced by James Mercer (1909), allowing theory embedding via 
customized kernel functions, incorporation of structured and unstructured data, and 
adaptability to a wide range of tasks (Chiang et al., 2018; Kitchens et al., 2018) making 
it feasible to effectively represent the complexities of customer behaviour.  
 
2.4.3 Value-Based evaluation metrics 
To work with a huge volume of data and creating an advanced customer analytics 
framework, a clear guideline and for directly measuring the value of an analytical 
solution is necessary. Such guidelines are an absolute must, working with advanced 
customer analytics as the essential support for management of the volume, variety, 
and velocity of required data can be costly and have to be justified (Kitchens et al., 
2018). Reviewing the relevant literature on the value of Big Data analytics (Marr, 2015; 
Mikalef et al., 2017) and how to deal with information systems (Laney, 2015), the core 
steps for creating a value-based evaluation matrix include the elements disrobed in 
the following. 
 
Identify potential actions: 
The intermediate outcome of customer analytics are predictions regarding the 
customer behaviour. However, the pure prediction is not of any value as the value 
creation is only taking place if the predictions are leading to decisions or actions within 
a company. Only in cases were predictions lead to decisions or actions there is the 
chance of value creation (Delen et al., 2018; Vassakis et al., 2018). Those decisions 
and actions can be linked with topics like improvement of customer relationship, 
influencing the purchase behaviour of the customer or defining define cost reduction 
measures. Based on this it is essential that every customer analytics has the final goal 
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of creating value driving decisions and actions. As a first step it is essential to reflect 
all in the company existing customer analytics and eliminate those which cause 
manual work without creating actual value and do not drive decisions and actions 
(Kitchens et al., 2018). Grover et al (2018) argues that the most important strategic 
options to consider before and during the design of customer analytics is to critically 
review if the resulting options really create value and drive relevant decisions and 
actions within the company.  
 
 
Determine action value: 
After the potential outcomes of the customer analytics are reflected and linked actions 
and decisions are taking into consideration, the proposed actions have to be further 
analysed per customer with regards to benefits, risks, costs, and resources required. 
This process is very similar to creating a cost matrix for cost sensitivity analysis. All 
costs and benefits have to be assigned to correct, incorrect, positive and negative 
predictions (Kitchens et al., 2018). All costs and benefits have to be reflected including 
managerial and marketing cost savings which would be realized in churn case of 
customers and revenue gains for the remaining customers (Shmueli & Koppius, 2011). 
Determining the entire range of values for potential actions requires assumptions 
based in part on experience and analysis of historical activities (Nagle & Müller, 2017). 
 
Define boundary: 
Before finally implementing the value-based evaluation matric, it has to be defined 
which customers are included in which action. For instance, customers with a high 
likelihood for churn may not be included in a marketing campaign. Every model 
implemented in the context of an advanced customer analytics solution will only be 
able to provide estimations or the likelihood of a certain outcome for each customer. 
Based on this it is an absolute must to carefully consider the findings and how to 





Generate final metrics: 
Finally, the actions, value, and boundaries determined are in this stage are combined 
to create a complete value-based evaluation metrics, which is critical in later stages 
for evaluating constructs and models, guide data management, integration, real-time 
feature engineering efforts, and demonstrate potential return on investment. For each 
combination of potential action and actual outcome, a net ratio of cost and benefit is 
defined and applied to all predictions. To reach the total expected value the number 
of customers which are above the boundary are multiplied with the per customer value 
(Kitchens et al., 2018). Generally, this evaluation is a straight forward way to evaluate 
how beneficial analytic frameworks may be. Based on the belief of the researcher this 
part of the study of Kitchens et al. (2018) is the most valuable part. 
 
Value-justified data management, integration and feature engineering: 
The most important aspect to be considered for any Big Data analytic initiative is the 
costs creation for data management, integration efforts, and real-time feature 
engineering (Grover et al., 2018). The core essence dealing with any Big Data 
analytical framework is to evaluate each potential construct with regards to the value-
based metrics identified earlier, enabling the IT department to focus only on the most 
valuable data once in order to focus and gain speed (Mendes et al., 2018). They 
suggest to use the add-in and leave-out approach to quantify the individual value for 
each construct. Therefore, all the existing constructs will be in the first step excluded. 
Only the most basic models will remain which do not require additional investments 
and are anyway available. Now the actual evaluation begin is and the decision has to 
be taken which analytics is bringing significant value and should receive investments 
in data management, integration, and real-time feature construction. These actions 
result in value-justified investments in IT infrastructure supporting an agile deployment 
of advanced customer analytics. 
 
Portfolio of advanced customer analytics 
According to Kitchens et al. (2018) the ultimate aim of the framework is to design a 
portfolio of customer analytics applications which are supported by value-justified IT 
infrastructure and enables agility. This portfolio has to include applications across 
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customer acquisition, retention and expansion. Using the analytics of these different 
dimensions might improve the customer lifetime value, customer equity, creating 
strategic value and leading to sustainable competitive advantage. 
 
2.5  Big Data frameworks 
As described in chapter 1 there are a number of big Data software frameworks such 
as Apache Hadoop or Apache Storm available. Apache Hadoop is an open source 
framework written in Java that enables the distributed processing of large data sets 
across clusters of computers with simple programming models (Apache Software 
Foundation, 2020). Apache Storm is a stream processing framework that focuses on 
extremely low latency and may be the best option for workloads that require timely 
processing. It can handle very large amounts of data and deliver results with lower 
latency than other solutions (Apache Software Foundation, 2019). However, the aim 
is to design and develop a strategic framework to approach Smart Data. Therefore, 
this chapter will focus on strategic frameworks to approach Big Data. 
  
2.5.1 Strategic Big Data frameworks 
Most enterprises have realized that Big Data isn't just a project or department which 
will be managed by the IT department. (The Enterprise Big Data Framework, 2020) In 
order to create long-term value from Big Data, there's more required than hiring smart 
data scientists and acquiring an enormous Data technology stack. Rather, data-driven 
thinking and data-driven deciding should become a part of the organisation’s DNA 
(Carillo et al., 2019) which is often easier said than done. Changing towards a 
knowledge Driven Enterprise are often connected with an organisational change 
program. It requires a special way of thinking where all parts of the organisation 
including strategy and culture play an important role (Teichert, 2019). Based on that, 
the Big Data framework, which is shown in figure 16, helps to capture all important 






Figure 16: Big Data Framework 
The Enterprise Big Data Framework, (2020) 
 
Strategy: 
In order to realize tangible results from investments in Big Data, organisations need to 
develop a Big Data strategy (Marr, 2015; Mikalef et al., 2017). How can return on 
investments be realised, and where to focus effort in Big Data analysis and analytics? 
The possibilities to analyse are limitless and organisations may easily get lost in huge 
volume of data without driving any action (Coffey , 2016). A thought trough and 
structured Big Data strategy is the basis of using Big Data with success (Jansen et al., 
2017). 
 
Big Data Architecture: 
In order to deal with massive data sets, organisations should have the capabilities to 
store and process large quantities of data. Therefore, the enterprise should have the 
underlying IT infrastructure to facilitate Big Data (Gartner, 2015). Due to that, 
organisations should have a comprehensive Big Data architecture to facilitate Big Data 
analysis. How should organisations design and define their architecture to facilitate 
Big Data? What are the requirements from a storage and processing perspective? 
(Mikalef et al., 2017) Further, the Big Data architecture element of the Big Data 
Framework considers the technical capabilities of Big Data environments. It discusses 
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the various roles that are present within a Big Data Architecture and looks at the best 
practices for design (The Enterprise Big Data Framework, 2020).  
 
Big Data Algorithms: 
A fundamental capability of working with data is to have a substantial understanding 
of statistics and algorithms. Big Data professionals have to own a solid background in 
statistics and algorithms to deduct insights from data. Algorithms are unambiguous 
specifications how to solve a number of problems (Gartner, 2015). Algorithms can 
perform calculations, processing and automatic reasoning tasks. The connection of 
the algorithms and large volumes of relevant data, may lead in valuable knowledge 
and insights (Jansen et al., 2017). The Big Data algorithms element of the framework 
focuses on the technical capabilities of everyone who aspires to deal with Big Data  
(The Enterprise Big Data Framework, 2020). 
  
Big Data Processes: 
Using Big Data successfully, it is necessary to consider more than just the skills and 
technology. Processes therefor, my help the organisation to focus in the right direction 
(Lafrate, 2015). Processes bring structure, measurable steps and can be effectively 
managed on a daily basis. Further, processes embed Big Data expertise within the 
organisation by following similar procedures and steps, embedding it as a guideline of 
the organisation (Jähnichen, 2015). In addition, results and analysis become less 
dependent on individuals which ensures capturing value in the long-term perspective 
(Jansen et al., 2017). 
Big Data Functions: 
Big Data functions are concerned with the organisational aspects of managing Big 
Data in companies. This element of the Big Data framework addresses how 
organisations can structure themselves in order to set up Big Data roles and discusses 
roles and responsibilities in the company  (Lafrate, 2015). In this context it is important 
to take into consideration that organisational culture, organisational structures and job 
roles have a large impact on the success of Big Data initiatives. In the Big Data 
Functions section of the Big Data Framework, the non-technical aspects of Big Data 




The final element of the Big Data Framework is AI. Many companies are keen to start 
Artificial Intelligence projects, but most are not confident where to start their journey 
(Marr, 2018). The Big Data Framework takes a functional view of AI in the context of 
bringing business benefits to the company.  In this context, AI can start to continuously 
learn from the Big Data in the organisation in order to provide continues value (Welsh, 
2019). The analysed big data framework shows a number of valuable insights on the 
different elements of the Big Data Framework. Despite this framework demonstrates 
a number of relevant connections on a high level it lacks of the perspective of setting 
boundaries and implement Big Data policies, security and process of implementation. 
 
 
Same as any other implementation, Data implementation requires a strong strategy 
and a detailed plan (Joshi, 2017). Figure 17 therefore illustrates how to create a 
successful Big Data strategy in four steps.  
 





Step one: data virtualisation 
Data virtualisation provides access structured and unstructured data. It links the big 
data sources and databases together and provides actionable insights in real time 
(Joshi, 2017). Additionally, it assures data security, which is of highest importance in 
any organisation (Tawalbeh & Saldamli, 2019). 
 
Step two:  blockchain 
Implementing blockchain for a successful big data strategy is another important layer 
for a successful Big Data strategy (Joshi, 2017). As blockchain is all about 
decentralizing authority models by excluding centralized control it brings great 
opportunities sharing data within a company across the globe. Through the usage of 
blockchain redundancies to systems can be minimized (Casino et al., 2019).  
 
Step three: machine learning 
Machine learning is an essential tool as it explores new data but also structures the 
data accordingly. It can take various datasets into consideration helping to make 
profitable decisions for a company  (Joshi, 2017).  
 
Step four: cloud storage 
Cloud storage is used throughout organisations for object storage. It is a very cost -
efficient method and provides access to huge amount of data with very high speed 
(Hu et al., 2020). Due to the exponential increase in data storage the management, 
reliability, and interoperability are the major concerns. Due to that the usage of cloud 
storage is inevitable (Joshi, 2017). 
 
Creating a successful Big Data strategy, it is necessary to understand what your goals 
are and to look at them from a business perspective. In addition, it is essential to 
involve machine learning, cloud storage, blockchain and data virtualization to use the 
power of big as various trends can be captured and associations about customers’ 
buying habits may help companies invest in the right place and optimize their profits  
(Joshi, 2017). The analysed framework shows four important factors which may be 
helpful for creating a Big Data strategy. However, this framework lacks of soft factors 
like conviction to make decisions data driven, empowerment, review and maintenance 
and customer focus. In addition, only the strategic layer has been discussed and 
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implementation process and operational aspects are not investigated. 
 
2.5.2 Big Data implementation process 
According to Yaworsky (2017), there are nine steps for implementing Big Data. Those 
steps can be summarized in four process milestones which are discovery, preparation, 
piloting and implementation. This is visualized in figure 18. These findings are based 
on financial service providers, however there are great homogeneity between process 
implementation of Big Data in any industry (Santoro et al., 2019). 
 
The first step is called build bridges and break silos (Yaworsky, 2017). Regardless of 
the scope of the individual project, coordination and collaboration among all 
stakeholders is required (Coleman & Stern, 2018). Therefore, it is highly 
recommended to establish a working group of representatives of all relevant business 
functions or departments to understand how their data management issues are 
interrelated. In this session upper management and others involved in setting the 
strategic direction of the organisation should be involved  (Yaworsky, 2017). 
 
The second step is called play with data. According to Paul Makin, co-founder of M-
PESA, companies should allow their business team to play around with the available 
data to identify interesting patterns of the existent data   (Yaworsky, 2017).  
 
The third step is called balance quick wins with big wins. In the long term the 
corporation’s strategy should be built to acquire a unique information advantage. 
However, in the short term, an organisation’s data strategy and capabilities should 
address immediate needs to inform business decisions that require urgent analytical 
support  (Yaworsky, 2017). 
 
The fourth step is called do the robot  (Yaworsky, 2017). In order to get a logic 
underneath if a process is to be successfully analysed and automated, every human 
assumption needs to be picked apart (Mc Kinsey & Company, 2015). Therefore, 
mapping the entire business workflows may help to answer these questions and build 




The fifth step is called make a data wish list. Creation a wish list of data points that, if 
available, may make the decision-making and responsiveness to the customer more 
efficient. The key question during this process is which information would you like to 
have, if cost were not an issue?  (Yaworsky, 2017). 
 
The sixth step is called be prepared for change. Companies have to be willing to own 
the entire process and be receptive to change, whether for building in-house data 
capability or outsourcing  (Yaworsky, 2017).   
 
The seventh step is called use common sense (Yaworsky, 2017). The human thoughts 
have the capacity to parent creditworthiness, because it is aware context genuinely 
well. Any automated processing is trying to replicate these human qualities (Siegel, 
2013). 
The eighth’s step is called build a team that will chase the data.  Companies need to 
develop the analytical capacity to monitor and interpret the but also the operational 
capacity to respond to these real-time business insights  (Yaworsky, 2017). 
 
The nineth step is called protect your customers’ data — for your own good. It is a 
strategic decision to adhere to high standards of customer protection, because that is 
how the market is going to evolve, and it makes business sense to consider what 
constitutes ethical use of data  (Yaworsky, 2017). 
 
 





The process model of Yaworsky (2017) has good tendencies of which kind of aspects 
play a major role for Big Data implementations. In addition, the four milestones in the 
process implementation are commonly accepted in project management of any 
project. However, this model lacks of a consistent approach for being a process model. 
The nine steps are qualitative aspects which have to be taken into consideration 
running through the four process milestones rather than clarifying in detail what has to 
be worked on in each of the four steps. Due to that this model give valuable insights 





2.6 Conceptual Framework of Smart Data 
The proposed conceptual framework in figure 19 consists of four hierarchal levels 
which are Strategy, Resources, Operations and Design. All aspects of the conceptual 
framework have been discussed in the literature review. The strategical hierarchy is 
discussed in chapter 2.5.1 and 2.2.5 as the strategical level is part of the model of 
Mikalef et al. (2016) and in addition covers aspects like review and maintandence. 
Furthermore, chapter 2.2 covers the data driven decisionmaking and empowernment 
whereas chapters 2.4.3 and 2.5.1 cover the inverstment aspects and chapter 2.4.1 
covers the customer focus aspect. The ressources part in discussed in the chapters 
2.2.5 and 2.3.2. Further, the operations part is covered in chapters 2.2, 2.2.5, 2.4.3,  
2.5.1 and 2.5.2. Finally the design part is discussed in chapters 2.2, 2.2.3, 2.2.5 and 
2.4.3. 
In case there are mismatches in the hierarchical levels there is a high likelihood that 
the superior levels will not be able to compensate this mismatch and the whole concept 
will not deliver and the competitive advantage may not be realised. The framework is 
influenced by the work of Mikalef et al., (2016) the Conceptual Research Framework, 
and Kitchens et al., (2018) Advanced Customer Analytics Framework. The following 
sections describe each level of the framework. 
 
 
Figure 19: Conceptual Framework of Smart Data 
 
2.6.1 Strategy 
Every project has to be based on a strategic background which is the first hierarchical 
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level in this framework. It is essential that the top management is willing to change 
their behaviour towards data driven decision making and therefore allow the company 
to question overall decisions in case the data analysis would lead to different 
assumptions. In addition, the top management has to have the conviction of 
empowering employees and actively transferring power to people to be able to drive 
the change. Further, the company has to be committed to the required investment for 
setting up the IT infrastructure, allocate resources, emerging technologies, and 
awareness of the fact this is a long-term investment for the future of the company and 
returns are not achieved in a short period of time. Moreover, companies have to 
believe in the value of being truly customer focused in order to have a true purpose. 
Finally, the strategy has to be reviewed, maintained, and enhanced in order to adapt 
to changing environment and expectations. 
 
2.6.2 Resources 
For companies to leverage the benefits of Smart Data, certain resources are essential. 
The foundation is IT resources which are the basis for starting any Smart Data 
concept. As dealing with Smart Data is not a standard IT capability, those capabilities 
have to be built up in order to drive Smart Data projects. Further, the IT infrastructure 
has to include both physical and digital elements, making Smart Data analytics an 
integrated part of the IT environment. In addition; relevant data set has to be collected 
and stored and consideration must be given to change of culture, information sharing, 
data quality, governance, and security.  
 
2.6.3 Operations 
The third hierarchical level consists of the operations. Frist of all boundaries have to 
be defined per employee group. What is expected from each employee, which 
decision can the employee take on the own and which ones need further approvals. 
This goes hand in hand with a data management policy which in addition defines how 
to deal with data from legal perspective but also within the internal terms and 
conditions. Further, for every Smart Data framework which is requested to be 
implemented, the action value has to be clearly defined. In the case the different 
potential outcomes would not influence any action taking, there is a very high likelihood 
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that the requested project is not of high sense and value. After a project is identified 
to bring action value, the relevant KPI’s have to be defined in order to create a 




In this level all data requirements have to be set in place in order to decide which data 
to be selected and which data to ignore. Normally, it is expected that the data has to 
be of high standards in order to allow accuracy and reliability. In case of using 
customer data, the customers have to be consulted and a written agreement of data 
usage has to be documented. Further, national and international laws have to be taken 
into account to ensure legal conformity. The security of data as well plays and 
important role as confidential data should not be accessible to unauthorised any 
entities. Moreover, the dynamic of data updates should be automated with adequate 
timeframe depending on the type of data. Finally, the access levels have to be defined 
to clarify who should have access to which kind of data to only give access to critical 
data to a defined set of people. 
 
Summary 
This chapter focused on the differences of Big Data and Smart Data; how Big Data 
can become Smart Data. Further, this chapter investigated how data driven decision 
making may lead to competitive advantage. The review suggests that there are 
different interpretations of Big Data and Smart Data and how the efficient use of data 
will lead to business performance improvement and competitive advantage. In 
addition, whilst the existing strategic approaches to Big Data and Smart Data provide 
useful information in support of the same, they are limited in relation to inclusion of all 
required factors. Based on that, the existent frameworks do not cover a strategic 
approach towards Smart Data which is the research gap. The proposed framework 
incorporates all the required factors within strategic, resources, operations, and design 
hierarchical levels. The further research will justify the elements of the developed 
conceptual framework and further investigate missing factors in capturing the most 





Chapter 3: Research Methods 
This chapter provides the rationale for the methodology used for this study. It focuses 
on the discussion and exploration of the philosophical and theoretical elements of 
conducting research with consideration to combining qualitative and quantitative 
research methods in order to answer the research questions and objectives.  
 
Many academics are concerned regarding the alternatives in data collection. Based 
on this they believe that the choice of research methods is only of secondary 
importance in relation to questions of which philosophies and approaches to use 
(Guba & Lincoln, 1994; Kothari, 2004; Easterby-Smith et al., 2012). Hence the 
selection of the research philosophy embodies important assumptions about the way 
researchers support the research strategy and choose suitable research methods 
(Saunders et al., 2015). Therefore, it is crucial to examine the research philosophy 
before choosing research methods.  
 
The framework of the research design for this study is based on the concept of the 
research ‘onion’ (figure 20) suggested by Saunders et al. (2015). The model is applied 
in order to enhance the understanding of the research process as each layer of the 




Figure 20: The research ‘onion’ 
Adapted from Saunders et al., (2015) 
In order to follow the process of the research in a more tangible way, figure 21 
visualizes the research process of the study. After having conducted first literature 
review and identifying the research Problem, the literature review has been conducted. 
As a result of the literature review the conceptual framework has been created which 
has been verified by professionals and experts in the research field and through the 
qualitative research. In intense qualitative research period has been followed including 
the analysis of the findings. In parallel to the analysis, the quantitative research has 
been conducted. Based on the findings of the quantitative and qualitative research, a 
Smart Data implementation has been developed which has been verified by 
professionals and experts in the research field. This framework has been presented 
to the panel of the University of Bolton and external examiner. Based on the received 
and valuable input, the implementation framework has been adapted to the final 
strategic Smart Data framework. Finally, this framework has been verified by 
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professionals and experts in the research field. 
 
 




3.1 Research Philosophies and Approaches 
The substantial intention of social science research is to describe and explain various 
research paradigms to ensure quality, reliability, and validity (Healy & Perry, 2000; 
Saunders et al., 2015). The research paradigm is the view of the world or a set of 
linked assumptions about the world which is shared and used by a community of 
scientists investigating any form of science in the world (Deshpande , 1983). Social 
science generally categorises the paradigm into; positivism, realism, and 
interpretivism. Each paradigm is closely connected to the three elements of ontology, 
epistemology, and methodology. Figure 22 illustrates the characteristics of each 
paradigm including the three elements. 
 
Paradigms 
Elements Positivism Realism Interpretivism 
Ontology: 
researcher’s view of 










Exists independently of 
human thoughts and 











phenomena can provide 




Focus on causality and 
law like generalisations 
 
 
Reducing phenomena to 
simplest elements 
Only observable 
phenomena can provide 




Insufficient data means 
inaccuracies in sensations 
 
Alternatively, phenomena 
create sensations may 
lead to misinterpretation 
Subjective meanings and 
social phenomena 
 
Focus upon the details of 
situation, a reality behind 
these details 
 







guides the research 




Verification of hypotheses 
questions  
 
Quantitative or qualitative 
methods.  
 
Highly structured and 
large samples 
Methods chosen must fit 
the subject matter 
 
 







Quantitative or qualitative 
Figure 22: Comparison of three research philosophies 
Source adapted from Burrell & Morgan, (1979); Deshpande, (1983); Healy & 
Perry, (2000); Lincoln, (2000); Morrison et al., (2011); Gray, (2014); Wang, 
2014); and Saunders et al., (2015)  
 
The realism philosophy is based on what our senses show as reality is the truth. 
Realism believes and aims to find out about the real world (Cameron et al., 2018). 
Overall, realism developed as an important research paradigm in social science. 
However, the criteria with which to exactly judge its quality have not been developed 
(Bryman & Bell, 2015; Saunders et al., 2015). In addition, realists accept that there is 
a real world to discover even if it is only imperfectly and probabilistically apprehensible 
which is in total contrast to the objective nature of this study. 
 
In contrast, interpretivist refer to real direct experiences which happen daily, analyse 
and interpret the experience of participants to understand the essence of the 
experience as perceived by the participants (Merriam & Grenier, 2019). According to 
Saunders et al. (2015), interpretivism claims that it is important for researchers to 
understand the differences between humans in their role as social actors and humans 
as they are in private life. Therefore, this paradigm may be suitable for social science 
and consumer behaviour research, however it is rarely appropriate for marketing 
research due to the fact that this approach excludes concerns about the importance 
of economic and technological aspects of business (Ryan, 2019). Even if 
interpretivism is usually connected with qualitative research, also    quantitative 
research can be conducted adopting this paradigm (Klein & Myers, 1999; Collins, 




Positivist, in contrast, believe in the universal application of the scientific method, 
making no distinction between the physical sciences and the social sciences (Bell et 
al., 2018). Positivism is suitable to both, quantitative and qualitative research (Healy 
& Perry, 2000; Saunders et al., 2015; Bell et al., 2018; Cameron et al., 2018). 
According to Guba & Lincoln (1994), positivism is predominant used in social science 
and anticipates that social science measures large sample size quantitively. According 
to Miles et al. (2014) positivist view is appropriate when approaching social science 
phenomena, which involve large scale surveys.  
 
The research paradigm adopted in this study draws from interpretivism. It is a relevant 
paradigm in understanding motivational backgrounds in this case how Smart Data has 
an impact on business performance. In addition, the combination of quantitative and 
qualitative analysis is based on an epistemological and ontological view to measure 
and in-depth interpretations of the relationships between variables and the Smart Data 
framework. Even if interpretivism is usually connected with qualitative research, also    
quantitative research can be conducted adopting this paradigm (Klein & Myers, 1999; 
Collins, 2010; Babones, 2016) 
 
 
3.1.1 Qualitative and Quantitative Research Methods 
A deductive study begins with a known theory and usually develops by trying to provide 
evidence for or against a pre-specified hypothesis, whereas, inductive approaches 
involve making observations, usually to develop a new hypothesis or contribute to a 
new theory (Morse, 2016). In addition, deductive studies are analysed according to an 
existing framework, whereby inductive analysis often involves discovering patterns, 
themes, and categories (Morse, 2016). In this context Saunders et al. (2015) analysed 
the major differences between deductive and inductive research approaches as shown 
in figure 23. 
 
The research process for this study is inductive research approach. Many researchers 
are of the view that it is great value to use the combination of qualitative and 
quantitative data (Jick, 1979; Creswell, 2014; Yin, 2014; Dopp et al., 2019). Hence, 
the application of the mixed-method is popular among researchers who wish to benefit 
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from the advantages of combining both qualitative and quantitative research.  
 
Deduction Induction 
• The collection of quantitative data 
• Scientific principles 
• Moving from theory to data 
• The application of controls to 
ensure validity of data 
• Researcher independence of what 
is being researched 
• The necessity to select samples of 
sufficient size in order to generalise 
conclusions 
• The collection of qualitative data 
• Gaining understanding of the 
meanings of human 
• A close understanding of the 
research context 
• A more flexible structure to permit 
changes of research 
• A realisation that the researcher is 
part of the research process 
• Less concern with the need to 
generalise 
Figure 23: Deductive and inductive research approaches 
Adapted from Saunders et al., (2015) 
 
Generally, quantitative research is a method adopted from physical science which is 
designed to guarantee objectivity, generalisability and reliability (Flick, 2018), and 
testing determined hypotheses, statistical methods and standardised questionnaires 
are appropriate tools. The core strength of the quantitative paradigm is that this 
method produces quantifiable and reliable data which can usually generalised to a 
larger population. However, this paradigm breaks down when the phenomenon under 
study is difficult to measure or quantify. For instance, ignoring relevant effects of 
variables that have not been included in the particular model would be the greatest 
weakness of the quantitative approach (Johnson & Onwuegbuzie, 2004). 
 
Qualitative research methods provide researchers with the individual perspective of 
target audience through immersion in a culture, or situation, and direct interaction with 
the participants under study (Charmaz, 2006). There are different qualitative methods 
available including; observations, in-depth interviews, and focus groups. During this 
process of data collection and analysis, hypotheses are generated while the actual 
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measurement tends to be subjective. The weakness of qualitative paradigm is that the 
researcher is the instrument of data collection and analysis which in consequence 
means that results may vary significantly depending who conducts the research 
(Johnson & Onwuegbuzie, 2004). 
 
An examination of the qualitative and quantitative paradigms will help to identify their 
strengths and weaknesses and how their divergent approaches can complement each 
other as shown in figure 24. Both methods can help to increase the understanding of 
the study in order to build a broad range of research perspectives and skills. 
 
Quantitative Qualitative 
The aim of quantitative analysis is to 
classify features, count them, and 
construct statistical models in an 
attempt to explain what is observed 
The target of qualitative analysis is a 
complete, detailed description 
Generally during latter phase of 
research project. 
Generally during earlier phase of research 
project. 
Researcher knows clearly in advance 
what the research is looking for 
Researcher may only know roughly in 
advance what the research is looking for 
All aspects of the study are carefully 
designed before data is collected.  
The design emerges as the study unfolds 
Researcher uses generalized tools, 
such as questionnaires or equipment 
to collect numerical data 
Researcher is the data gathering instrument 
Data is in the form of numbers and 
statistics.  
Data is in the form of words, pictures or 
objects. 
Quantitative data is more efficient, 
able to test hypotheses, but may 
miss contextual detail. 
Qualitative data is more valuable and richer, 
time consuming, and less able to be 
generalized.   
Researcher tends to remain 
objectively separated from the 
subject matter.  
Researcher tends to become subjectively 
immersed in the subject matter. 
83 
 
Figure 24: Features of qualitative and quantitative research 
Adapted from (Jick, 1979; Morse, 2016; Flick, 2018) 
3.1.2 Triangulation of Research Approaches 
Reflecting on the general principle of the research philosophy, the mixed method 
(triangulation) is employed for this study. The concept of triangulation was born in 1959 
when Campbell and Fiske (1959) developed the idea of ‘multiple operationalism’. They 
suggested that more than one method should be used in the validation process of a 
study to ensure that variances are not dependent on the method to be used but reflect 
on the real variety within the sample. Hence, there is a strong conviction within the 
research community that quantitative and qualitative data are best mixed in the 
majority of the research fields (Jick, 1979; Rossman and Wilson, 1991; and 
Amaratunga et al., 2002). According to Rossman & Wilson (1991) the advantages of 
combining qualitative and quantitative data are; 
 
• Enables confirmation or corroboration with each other via triangulation 
• Elaborate or develop analysis to provide more meaningful details 
• Providing fresh insights. Initiate new ways of thinking through attention to surprises 
or paradoxes 
 
Amaratunga et al. (2002) also suggested that qualitative data can help the quantitative 
side of the study during design by aiding conceptual development and instrumentation, 
while quantitative data can help with the qualitative side of a study by finding a 
representative sample and locating deviant samples. According to Dopp et al (2019) 






                        Figure 25: Triangulation of qualitative and quantitative research 
Adapted from Flick, (2018) 
 
Triangulation is often used to demonstrate that different data sources or approaches 
will lead to the same and equivalent (Patton, 2002). The use of triangulation is intended 
to increase the validity and credibility of the findings and research result. Combining a 
number of different research methods, researchers have the chance to overcome 
weaknesses or problems occurring when using a single method approach. With 
reference to figure 25, a triangulation approach is the combination of methodologies 
in a single case study. Based on this, the results from both methods can be interpreted 
into a single set of data. For instance, the same participants which are filling out the 
online questionnaire can be interviewed. Both sets of answers can then be compared 
with each other, collated, and refer to each other in the data analysis. According to 
Denzin (2012) there are four basic types of triangulations; 
 
• Methodological triangulation – the use of multiple methods to study a single 
research problem. 
• Data triangulation – the use of a variety of data sources in a study. 
• Theory triangulation – the use of multiple perspectives to interpret a single set of 
data. 
• Investigator triangulation – the use of several different researchers or evaluators. 
 
According to Denzin & Lincoln (1994), qualitative methods are independent compared 









• Epistemology and methodology 
• Research design combining or integrating the usage of qualitative and quantitative 
data and methods 
• Generalisation of findings 
• Linking findings of qualitative and quantitative research 
• Research methods that are qualitative and quantitative 
• Assessing the quality of qualitative criteria to quantitative research or vice versa 
 
Combining quantitative and qualitative research is very popular as research itself is 
complex and the strength of a combined method of analysis is particularly helpful. 
According to Tashakkori & Teddlie (2010), triangulation research methods generally 
provide better opportunities for the evaluation to which extend the study and findings 
can be trusted and which inferences can be taken. Further, there are many 
advantages in combining both quantitative and qualitative research. For instance, 
semi-structured interviews analysed with the qualitative approach can be used to 
clarify the insights of some of the questionnaire results. This study will combine 
qualitative and quantitative methods and describe and analyse the phenomena under 
study. In the next sections a detailed triangulation approach for this study is described.  
 
 
3.2 The Application of the Methodology 
There are a broad range of strategies and tools for data collection including; statistical 
data analysis, surveys, semi-structured interviews, observations, case studies, in-
depth interviews, participant observations, focus groups, action research, content 
analysis, personal reflection, telephone surveys, online focus groups, E-phone 
surveys, social media, internet surveys, ethnographic studies, and mystery shoppers. 
For this study the choice of methods was motivated by the desire to combine the 
literature review (secondary data), surveys (online questionnaire), and interviews. 
 
This study applied a triangulated methodology with qualitative and quantitative data 
collection mechanisms. Specifically, a quantitative method of analysis was used as 
the primary means of analysis to obtain an understanding of the impact of Smart Data 
on business performance and competitive advantage, while the qualitative data set 
act as a supporting instrument. A mixed methods approach was determined for this 
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study to answer the research questions in the most appropriate manner. The data 
collection phase is based on the assumption that collecting diverse types of data 
sequentially, through triangulation of quantitative data and qualitative data will provide 
a better understanding of the research problem. According to Creswell & Plano Clark 
(2017), the priority is usually given to quantitative data, however integration of both 
methods occurs during the final analysis and interpretation phase. The first phase of 
the data collection was instigated with an extensive survey in order to generalise the 
results to a population. It then concentrated, in the second phase, on the collection 
and analysis of specific qualitative data through open-ended telephone interviews, and 
face-to-face interviews. In the first phase, the researcher used quantitative research 
questions from the survey instrument to determine the relationship between Smart 
Data and the development of a framework on how business performance and 
competitive advantages could be reached through the efficient and effective use of 
Smart Data for durable consumer good companies. In the second phase, the 
researcher employed qualitative data collection to examine the results in more detail. 
Data received from both interviews and online surveys were used to interpret and 
compare to develop a triangulated method in relation to create a Smart Data 
framework for durable consumer good companies. Quantitative data were analysed 
qualitatively and qualitative data were analysed quantitatively. Hence, quantitative 
data was converted into narrative that can be analysed qualitatively and qualitative 
data can be converted into numerical codes so that it can analyse statistically. 
 
The online survey (Appendix A) was designed and aimed at relevant job groups like 
directors, general managers, IT managers, sales or marketing managers, export or 
import managers, analysts, controllers, logistics managers, project managers, 
business intelligence managers, and purchasers or demand planner in selected 
organisations which operate in Germany and are active in the durable consumer good 
industry. The interviews were conducted with a selected sample from the online 
questionnaire who expressed their interest in taking part in an interview and were 
assessed suitable regarding their potential contribution.  
In order to follow the research process easier, table one illustrates which questions of 




Table 1: Relationship Research Questions to Survey and Interview 
 
  
Survey questions (Q) 
guiding for quantitative 
analysis 
Interview questions (IQ) 
guiding for qualitative 
analysis 
RQ1 Q10, Q11, Q15, Q16 IQ1, IQ2, IQ3, IQ9, IQ10
RQ2
Q7, Q8, Q9, Q10, 
Q11,Q12, Q14, Q16, 
Q17, Q18
IQ1, IQ2, IQ3, IQ4, IQ5, 
IQ6, IQ7, IQ8; IQ9, 
IQ11, IQ12, IQ13
Note: The following Q's are not included in the above illustration:  
Q2-Q4= structural questions regarding the company
Q13= depent factor to indicate if Smart Data framework is required
Q1= descriptive data about the respondent 
Q19= descriptive response about the willingness of the participant for 
Q5-Q6= general familiarity with the subject area




For the majority of the research community, surveys are seen as the most appropriate 
tool for making interference about a large group of people to explain knowledge and 
compare attitudes and behaviour (Marshall & Rossman, 1999; Zikmund, 2000; Bellet 
al., 2018; Nardi, 2018). In this context the fundamental aim of a survey is to analyse 
and explain statistically certain features in a particular population. In addition, Fick 
(2018) points out the core benefits of applying surveys as a research instrument as 
follow; 
 
• Convenience: Amenable to quick statistical analysis 
• Accuracy: Quantifiable and reliability of particular population 
• Generalisability: Generalisable to a larger population with only minor errors 
 
Further, the key advantage of online surveys is the potential to collect a large amount 
of data in a relatively short space of time. In addition, Bell et al. (2018) stresses that 
online surveys are relatively easy to implement in terms of designing, collecting data 
and analysing the findings. Moreover, an online survey provides a quick, efficient, and 
accurate way of assessing information with expanded geographic coverage without 
increasing in costs. 
 
3.3.1 Development of the Questionnaire 
As there is only one chance to collect the data, the questions for the questionnaire 
need to be precisely defined. The development of the questionnaire is essential to 
answer the research questions and to address the research objectives. According to 
Brace (2018), the researchers should carefully consider the type, content, order and 
the wording of the questions before distributing it to the participants. In order to ensure 
that the data collection and the response rate are valid and reliable, this research 
adopted different steps designing the questionnaire as recommended by Fink (2003), 
Saunders et. al. (2015); Brace (2018); Bell et al. (2018); Flick (2018): 
 
1. Designing individual questions – According to Flick (2018), designing any 
questions in a questionnaire should be focused by the aim to collect relevant data. 
To gain valid feedback from the recipients, the designed questions have to be 
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precise and unambiguous in order to allow reliability and validity. Saunders et al. 
(2015) is convinced that for larger populations closed questions are more 
appropriate because they are easier to answer and only require minimal writing 
from the respondents which might also increase the response rate. In addition, 
responses are easier to compare especially to the large population as they have 
been predetermined. For this study a closed-ended scale format questions, the 
Likert Scale technique, was used to collect opinion data. Saunders et al. (2015) 
stated that usually it makes sense to adopt or adapt an existing scale rather than 
create new scaling techniques. Therefore, in this study, a 1 to 5 Likert Scale is 
applied to obtain the opinions from the respondents where; 1= Strongly disagree, 
2= Disagree, 3= Neutral, 4= Agree and 5= Strongly disagree. Based on this, the 
questions and answers could be statistically analysed by the methods of 
descriptive, correlation, and multiple regression analyses.  
 
2. Designing the Questionnaire – According to Fink (2003), long questionnaires 
and an illogical-order may lead to low response rates. Therefore, a logical, user-
friendly, relatively short questionnaire was designed so that the respondents 
could complete in less than 15 minutes to improve the response rate. The 
questionnaire benefited from a professional- looking layout of the questionnaire, 
and was designed using Freeonlinesurveys.com. Freeonlinesurveys.com offers 
several useful features such as the opportunity to view individual responses, 
download spread sheet (PSPP), protection against duplicate responses, and 
comparison of results to each question which would help the researchers to 
capture the opinions from the recipients.  
 
3. Pilot testing and assessing validity – The questionnaire was piloted prior to the 
distribution. The aim of the pilot was to refine and establish the validity of the 
content of the questionnaire. This study adapted Bell et al. (2018)’s technique for 
the piloting the questionnaire; 
 
• How long did the questionnaire took? 
• Are the instructions clear? 
• Which of the questions were not a 100% clear? 
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• If, in their opinion, there were any major topic missing? 
• Was the layout clear? 
• Any other comments or advices? 
 
The questionnaires were distributed by email together with the covering letter. 
According to Saunders et al. (2015), this will affect the response rate. A well-explained, 
short and comprehensive covering letter is presented in Appendix B.  
 
 
3.3.2 Construction of the Questionnaire 
The questionnaire (Appendix A) included 19 questions (Q). Q1 started with the name, 
email address and position held in the organisation. Q2 to Q4 were used to capture 
the company’s profile: Industry operating, number of employees and annual turnover. 
Q5 to Q7 dealt with general understanding of Big, Data, Smart Data, Business 
intelligence and artificial intelligence and to which degree their company is using Smart 
Data already. Q8 and Q9 dealt with management and the owner of data management 
within the company. Q10 and Q11 as well as Q14 to Q 18 were intended to obtain 
further input and knowledge to answer the research question while Q12 attempted to 
assisted in the development of the Smart Data framework and associated factors. The 
survey was supported by the interviews conducted with a selected sample of 
respondents who were selected from the respondents to the online questionnaire who 
expressed their interest (Q18) in taking part in an interview. 
 
3.3.3 Independent Variables and Dependent Variable 
Due to the empirical nature of the study, and the fact that the independent and 
dependent variables work in conjunction, when developing the Smart Data framework 
for this study, the following variables were identified: 
 
1) Number of employees 
Divided into eight groups: below 5, 5-20, 21-50, 51-100, 101-150, 151-200, 201-250, 
and over 250. 
 
2) Annual turnover 
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Divided into eight groups: below US$ 100,000, US$ 100,000 - 500,000, US$ 500,000 
- 1 Million, US$ 1 Million - 5 Million, US$ 5 Million - 10 Million, US$ 10 Million - 50 
Million, US$ 50 Million - 100 Million, and over US$ 100 Million. 
 
3) Value creation 
The definition of this variable for this study is the degree to which and how value can 
be created using Smart Data applications. 
 
4) Data management 
The definition of this variable for this study is the degree and in which context value 
can be created using the right approach of data management. 
 
5) Data management responsible 
The definition of this variable for this study is who is/are the owner of data management 
in companies. 
 
6) Value chain 
The definition of this variable for this study is in which parts of the value chain the 




The definition of this variable for this study is the degree of competitiveness achieved 
by companies using Smart Data applications. 
 
8) Critical Success Factors (CSFs) 
The definition of this variable for this study is refer to specific areas or activities that 
an organisation requires for continuous success and survival of the business. 
 
The dependent variable is: 
Smart Data framework development 
The definition of this variable for this study is the degree of the need of a Smart Data 
framework to be used as a guide to help companies in the durable consumer good 






3.3.4 Quantitative Data Analysis 
The data collected from the recipients were processed using PSPP to conduct 
descriptive analysis, correlation analysis, independent-samples t-test analysis, and 
multiple regression analysis as follows: 
 
Descriptive analysis: - Following data collection using the online questionnaire, data 
was checked for accuracy and entered into the statistical program for database 
development. Descriptive analysis is an effective way to perform quantitative analysis 
in a standard PSPP program and interpret the validity of the data for this study. The 
frequency distributions of each discrete variable (e.g. number of employees, annually 
turnover) would be presented for data interpretations and examinations. 
 
Correlation analysis: - The purpose of using a correlation analysis is to discover if 
there is a relationship between different variables. In this study the two purposes of 
using a correlation analysis was to measure whether the variables were independent 
from each other, and to measure the relationships strength of the variables with the 
dependent variable. It also enables the researchers to determine the direction of the 
relationship – whether it is positive, negative, or, zero. The statistic (correlation 
coefficient) varies from 0 (no relationship between the variables) to 1 (perfect 
relationship between the variables). According to Cohen et al. (2014) a correlation > 
0.7 is described as strong, whereas a correlation < 0.4 is generally described as weak. 
 
One-sample t-test analysis: - In this study, the one-sample t-test was conducted to 
assess if there are statistically significant differences between the CSFs and the mid-
point 3.0 (Likert Scaling). If all the significant values are p=0.00, it will confirm that all 
the variables in CSFs are positive which gives no statistic change from sampling error. 
 
Multiple regression analysis: - Regression analysis represents the relationships 
between variables in the form of equations, which can used to calculate the value of a 
dependent variable on one or more independent variable. In general, multiple 
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regression analysis is used to discover the effect of each independent variable on the 
dependent variable. 
 
3.3.5 Validity and Reliability in Quantitative Data 
According to Blumberg et al. (2014) and Easterby-Smith et al. (2012) the question of 
validity and reliability regarding qualitative data can be validated by focusing on 
construct validity, internal validity, external validity and reliability (table two) as those 






operational measures for 
the concepts under study 
Research 
Design 




measure the validity 
of the questionnaire. 
Internal 
Validity 
Seeking to establish a 
causal relationship whereby 
certain conditions are 
believed to lead to other 
conditions as distinguished 
from spurious relationships. 
Data 
Analysis 
Use of PSPP 







Defining the domain to 











Reliability Demonstrating that the 
operations of a study – like 
data collection procedures 




Use of PSPP 
software package to 
measure Cronbach’s 
alpha value. 
Table 2: The validity and reliability of quantitative data 
Adapted from Blumberg et al. (2014) and Easterby-Smith et al. (2012) 
 
The various steps outlined in the table two were incorporated in the research design 
and underpinned both data collection and analysis. Prior to dissemination, the online 
questionnaire was verified by two academics and two practitioners, and piloted on 20 
professionals selected from the sample population. This led to minor amendments to 
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the flow and phrasing of the questions. The pilot study also confirmed the relevance 
and clarity of the questions to ensure the findings were consistent and relevant. 
 
To ensure the reliability and consistency of the data for this study, Cronbach’s alpha 
value, which is the standard reliability measurement for quantitative data collection, 
was adopted. According to Blumberg et al. (2014) reliability analysis is a necessary 
contributor for data accuracy and consistency. Based on this Cronbach's alpha was 
used to inspect the internal consistency of test items. In case alpha equals 0 (zero), 
the true score is not measured as there are only error components. In contrast, when 
alpha equals 1.0, all the items measure the true score, and there is no error 
component. According to Nunnally (1978) the Cronbach’s alpha value should be 
higher than 0.7 to guarantee high reliability standards. As a consequence, this study 





This study adopted a semi-structured interview for qualitative data collection. This type 
of interview is non-standardised, allowing a degree of freedom and adaptability to gain 
the relevant information from respondents. Further, participants may expand their 
answers as the interview structure can be as open and adaptable as possible to match 
the respondent’s nature and priorities. In addition, the participants are free to talk about 
any ideas and share thought they are having related to the interview subject during 
the whole interview. According to Gillham (2008), the semi-structured interviews 
significantly support quantitative research adopting the following strategy; 
 
• Same questions are asked to all participants. 
• The kind and form of questions go through a process of development to ensure 
their topic focus. 
• In order to ensure equivalent coverage, interviewers are prompted by 
supplementary questions in case they have not dealt spontaneously with one of 
the sub-areas of interest. (Gillham, 2008) 




Two approaches were employed to collect data through interviews: Face-to-face 
interviews and telephone interviews. Employing face to face interviews, it is easy for 
the investigator to obtain in-depth information by probing and controlling the situation. 
This also allows and transparent information exchange between the interviewer and 
the respondent. Telephone interviews are the second approach adopted for this study 
to be flexible in terms of location and Internet access. 
 
3.4.1 Qualitative Data Analysis 
For this study ten interviews were planned. According to Holsti (1969) content analysis 
is defined as any technique drawing conclusions by objectively and systematically 
identifying specified characteristics of statements or messages. However, there are a 
number of techniques to analyse quantitative data such as thematic analysis and 
ground theory (Mihas, 2019), this research will conduct single- and multi case analysis 
as this approach was considered to be the most appropriate strategy for this study. 
(Eisenhardt & Graebner, 2007) 
 
In the first stage all interviews would be transcribed. These transcripts will be double 
checked with all the original notes and checked against missing sections. Following 
browsing through the transcripts and analysing the data the researcher marks relevant 
section, words or sentences. After having done this with all the transcripts the most 
relevant phrases will be coded and the less relevant phrases will be dropped. Coding 
means that equal statements of different people with the same specified 
characteristics are titled with a code. After the coding has been completed the creation 
of building categories by bringing several codes together will be applied. Having 
created the categories, the interpretivism of the relationship between the different 
categories is conducted (Olson, 2011). As suggested by Eisenhardt & Graebner 
(2007), the findings will be reviewed by interpreting the single cases as well as the 
summary of the findings (multi cases). 
 
3.4.2 Validity and Reliability in Qualitative Data Analysis 
There are a number of researchers (Jick, 1979; Rossman and Wilson, 1991; 
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Amaratunga et al., 2002) who suggest to use triangulation techniques at the data 
analysis phase to ensure validity and reliability of the research findings. Based on that 
the application of different approaches, methods, and techniques in the same study 
may overcome the potential prejudice. Due to that, data triangulation as mentioned in 
Section 3.1, will be employed in this study in order to improve the reliability, and validity 
of the findings. As part of data triangulation, all results from qualitative and quantitative 
methods will be interpreted into one set of data. For instance, the interview data will 
be verified and evaluated by constant comparisons with the collected data from the 






The research was designed to target professionals that either work in the durable 
consumer goods industry or are working in the field of Business Intelligence, IT or 
Smart Data irrespective of industry in Germany. 
 
3.5.1 Sampling Methods 
In this chapter different sampling methods will be discussed and finally the choosing 
sampling method for this study will be explained. In general theory distinguishes 
between probability and non-probability sampling. However, within those two sampling 
approaches there are a number of different subgroups which will be described in the 
following in more detail. 
In probability sampling every member of the population has a chance of being 
selected. It is mainly used in quantitative research (Taherdoost, 2016) where the 
intention is to produce results that are representative of the whole population  
(McCombes, 2019). There are four main types of probability sampling as shown in 
figure 26, which are: Simple random sampling, systematic sampling, stratified 
sampling and cluster sampling  (Taherdoost, 2016). 
 
 
Figure 26: Probability sampling 




Using simple random sampling, every member of the population has an equal chance 
of being selected. Your sampling frame should include the whole population  
(Taherdoost, 2016).  
 
Systematic sampling is similar to simple random sampling. However, it is usually 
slightly easier to conduct  (McCombes, 2019). Every member of the population is listed 
with a number, but instead of randomly generating numbers, individuals are chosen at 
regular intervals (Taherdoost, 2016). 
 
Using stratified sampling the population is divided into strata (or subgroups) and a 
random sample is taken from each subgroup (Taherdoost, 2016). Each subgroup 
therefore is a natural set of items. Subgroups are based on characteristics like for 
example company size, gender or occupation (McCombes, 2019). It allows you draw 
more precise conclusions by ensuring that every subgroup is properly represented in 
the sample (Taherdoost, 2016). The purpose of this method is to ensure that every 
stratum is adequately represented (Ackoff, 1953). 
 
Using Cluster sampling the population is also divided into subgroups, however each 
subgroup should have similar characteristics to the whole sample  (McCombes, 2019). 
Subsequently, a random sample is taken from these clusters, all of which are used in 
the final sample (Wilson, 2010). In case it is practically possible, every individual may 
be included from each sampled cluster  (McCombes, 2019). In case the clusters 
themselves are too large, there is the possibility to sample individuals from within each 
cluster using one of the techniques above (Taherdoost, 2016). This method is good 
practice dealing with large and dispersed populations (Davis, 2005) however there is 
increasing risk of error within the sample, as there could be substantial differences 
between the different clusters (Taherdoost, 2016). It is practically impossible to 
guarantee that the sampled clusters are totally homogeneous and therefore 
representative of the whole population (McCombes, 2019). 
 
Using non-probability sampling, individuals are selected based on non-random 
criteria, while not every individual has the chance of being included in the sample  
(McCombes, 2019). Whereas, this type of sample is easier and cheaper to access, it 
has a higher risk of sampling bias as it is not capable to make valid statistical 
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inferences about the whole population (Taherdoost, 2016). Non-probability sampling 
techniques are very often appropriate for exploratory and qualitative research  
(Taherdoost, 2016). Using these types of research, the aim is not to test a hypothesis 
in regards of a broad population, but to develop an understanding of a small or under-
researched population  (Taherdoost, 2016). 
 
There are four main types of non-probability sample as shown in figure 27, which are: 
Convenience sampling, voluntary response sampling, purposive sampling and 
snowball sampling.  
 
 
Figure 27: Non-Probability sampling 
(McCombes, 2019) 
 
Using the convenience sample simply includes the individuals who happen to be most 
accessible to the researcher (Taherdoost, 2016). This is the easiest way to gather 
data, however there is no way to figure out if the sample was representative in relation 
to the population. Based on this the results are not generalizable (McCombes, 2019). 
Using a voluntary response sample is similar to a convenience sample and is mainly 
based on ease of access (McCombes, 2019). Instead of the researcher choosing 
participants actively and contacting them, people volunteer themselves  (Taherdoost, 
2016) 
 Applying the purposive sampling method, involves the researcher using their 
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judgement to select a sample that is most useful to the purposes of the research 
(McCombes, 2019). Usually it is applied in qualitative research, where the researcher 
wants to gain detailed knowledge regarding a specific phenomenon rather than make 
statistical inferences (Taherdoost, 2016). An effective purposive sample must have 
clear criteria and rationale for inclusion (Taherdoost, 2016). In case the population is 
hard to access, snowball sampling can be applied to recruit participants via other 
participants. The number of people you have access to multiplies as you get in contact 
with more people (Taherdoost, 2016). 
 
As the aim of the study is to design and development of a Smart Data framework for 
durable consumer goods companies in Germany, all people of the sample have to 
either work in the durable consumer good industry or be Data Analytics experts. Based 
on these clear criteria, the applied sample method for the quantitative and qualitative 
research is purposive sampling (Etikan, 2016). The execution of this method has been 
rather easy for the qualitative research as the interviewed persons could be chosen 
individually. In contrast, applying this method to the quantitative method has been 
more difficult based on the much higher number of participants of the panel. In order 
to apply this method, candidates which were known from long years of working 
experience have been contacted to be part of the panel. As a second step the 
quantitative research has been published in Xing (Business Network in Germany) in 
groups to gain more participants. The criteria for the chosen groups were the same as 
the criteria choosing the people directly. All participants in this group had either to work 
in the durable consumer good industry or be Data Analytics experts. 
 
3.5.2 Sample Size 
The target location, Germany, is illustrated in figure 28. Hence it was essential to 
determine an appropriate and representative sample population. Hence, the following 
sample size formula suggested by Foreman (1991) is used: 
 
Sample Size = Z2 * (p) * (1-p) 
c2 
Where: 
Z = Z value (assume is 1.96 or 95% confidence level) 
P = Estimate response rate, expressed as decimal (assume is 50%) 
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Figure 28: Sample Population 
 
This study assumes that the confidence interval of five percent and 50% of estimate 
response rate, the sample of the entire relevant population is between 45% (50-5) and 
55% (50+5) would have participate in the survey. Thus, when the confidence level and 
the confidence intervals have been put together, this survey can be 95% sure that the 
true response percentage of the sample is between 45% and 55%. Substituting the 
above value into the equation and solving it yields to the total required sample size of 
385 and in fact, the sample size of this survey is 406. 
 
Summary 
This chapter provided the research design and strategy for the study. A two-stage 
research design, combining qualitative and quantitative research as a triangulation 
was employed to generate the required data and PSPP and single case and multi case 
analysis were used for analysis and interpretation of collected data. This strategy 
would assist in the collection and analysis of mixed blend that would respond positively 




Chapter 4: Data collection and analysis 
This chapter presents the results and analysis of the generated data for answering the 
research questions and objectives. In addition, the verified Smart Data framework will 
be built. This verification is done by combining the analytical findings from the empirical 
results with contribution from relevant literature in the context of Smart Data.  
 
4.1 Quantitative Research 
This sections analysis the findings from the quantitative research of this study. The 
online questionnaire consists of 19 questions - Appendix A. 
4.1.1 Sample Profile 
The quantitative method used closed questions based on an online survey instrument. 
The sampling size for this study was 406 professionals working in the durable 
consumer good industry and general Big Data experts in Germany. The reliability and 
consistency of the data was examined using Cronbach’s Alpha value for standard 
reliability measurement. According to Nunnally (1978) the Cronbach’s Alpha value 
should be 0.7 or higher to ensure high reliability standard. As both dependent variables 
show values above 0.7, the existence of internal consistency among all the variables 
which fall under this rule as shown in table three. 
 
  










Smart Data in your 
Company
0.77
Q8 Data Management 0.77









4.1.2 Company Profile  
As shown in figure 29, a wide range of companies from different durable consumer 
goods industries took part in the study. The top four in terms of frequency were Power 
tools (28%), Cars (17%), Bicycles (11%) and Electronic Goods (nine percent). 
Moreover, the majority of participants (81%) worked in companies with more than 250 
employees and only five percent of the participant worked in companies with less than 
150 employees.  Furthermore, 79% of the participants worked in companies which 
generate annual revenues of more than €100 million. 10% of the participants worked 
in companies which annual revenues of €50 - €100 million and 11% of the participants 
worked in companies with annual revenues of less than €50 million. 
 
 
Figure 29: Industry Operating 
 
4.1.3 Awareness of Smart Data 
Analysing the knowledge of the participants in terms of Big Data, Smart Data, 
Business Intelligence, and Artificial Intelligence lead to interesting findings. 88 percent 
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of the participants claim to have very strong or even Expert knowledge of Big Data, 
87% in BI, 60% in AI, and only five percent claim to have this level of knowledge in 
Smart Data. In addition, seven percent of the participants had not even heard of the 
term Smart Data and 36% claim to have a very limited knowledge of Smart Data.  
 
In order to evaluate the relationship between the industry sector (Q2) and knowledge 
about Smart Data (part of Q5), the Pearson Chi-Square was applied. The hypothesis 
for using the Pearson Chi Square was that there is no correlation between the factors. 
In this case the Pearson Chi-Square showed less than 0.05, hence the hypothesis 
was neglected which means the factor are significantly correlating. In case the factor 
is above 0.05 significance, there is no significant correlation detected. As shown in 
table four, the Pearson Chi-Square significance factor is below 0.05 which means that 
the assumption of no correlation can be neglected and a significant correlation 
between the operating industry and the knowledge about all four elements; Big Data, 
Bi, AI and Smart Data is detected. The general lack of knowledge on Smart Data is a 
consequence of research focusing on Big Data while the majority of companies are 
still trying to cope with Big Data approaches and integrate those concepts with other 
aspects like BI environment and AI. 
 
 
Table 4: Pearson Chi-Square Operating Industry & Knowledge 
about Big Data, Bi, AI and Smart Data 
 
Overall, 88% of the participants claimed to have very good or expert knowledge of Big 
Data, however, the following industries showed significant lower values in comparison 
to the average results. These were Jewellery (71.4%), Other (63.2%), Small tools and 
fittings (50%) and Sport equipment (50%). The results suggest that the nature of 
industry has a significant impact on the knowledge of Big Data, and employees 
working in Jewellery, Other, Small tools, fittings, and Sport equipment industry have a 
Pearson Chi-Square Value df Asymp. Sig. (2-tailed)
Big Data 115.87 76 0.002
BI 127.85 57 0
AI 104.68 76 0.016




tendency to have significantly less knowledge of and expertise in Big Data than the 
average durable consumer good industry in Germany. 
 
Overall, 87% of the participants claimed to have very good or expert knowledge of BI, 
however, the following industries showed significantly lower values in comparison to 
the average results, these were; Small tools and fittings (zero percent), Other (52.6%), 
Jewellery (71.4%), and Powertools (79.5%). Especially for Small tools and fittings 
those findings are only a tendency and not statistically robust, as only two people from 
this industry participated in the survey. The results suggest that the nature of industry 
has a significant impact on the knowledge of BI, and employees working in Small tools 
and fittings, Other, Jewellery and Power tools industry have a tendency to have 
significantly less knowledge of and expertise in BI than the average durable consumer 
good industry in Germany. 
 
Overall, 60% of the participants claimed to have very good or expert knowledge of AI, 
however, the following industries showed significant lower values in comparison to the 
average results. These were Small tools and fittings (zero percent), Space Heating 
(zero percent), Jewellery (43%) and Electronic Goods (46%). Especially for Small tools 
and fittings as well as space heating, those findings are only a tendency and not 
statistically robust, as only two people from each industry participated in the survey. 
The results suggest that the nature of industry has a significant impact on the 
knowledge of AI, and employees working in Small tools and fittings, Space Heating, 
Jewellery and Electronic Goods industry have a tendency to have significantly less 
knowledge of and expertise in AI than the average durable consumer good industry in 
Germany. 
 
Overall, five percent of the participants claimed to have very good or expert knowledge 
of Smart Data, however, four industries showed significant stronger values in 
comparison to the average results. These were Furniture (29.4%), Other (21.1%), 
Cars (6.0%) and Electronic Goods (5.4%). The results suggest that the nature of 
industry has a significant impact on the knowledge of Smart Data, and employees 
working in Furniture, Other, Car, and or Electronic Good industry have a tendency to 
have significantly more knowledge of and expertise in Smart Data than the average 




To analyse correlations between Smart Data Knowledge and the number of 
employees and annual turnover, the Pearson’s Correlation Coefficient (Pearson’s r) 
was applied, as all the mentioned values are ordinal values. Generally, if a correlation 
coefficient value of r indicates 0 to 0.2, there is a no significant relationship between 
the variables. If r values of 0.3 to 0.6, generally considered moderate, and greater than 
0.7 is strong. However, there are also sources which claim the r value of above 0.7 is 
still considered moderate and only values greater than 0.8 would represent a strong 
correlation. (Akoglu, 2018)  
 
As shown in table five, there is no significant correlation between the annual turnover 
and the knowledge of Big Data, BI, AI and Smart Data. In addition, there is no 
significant correlation between the number of employees and the knowledge of Big 
Data, BI, Ai and Smart Data; 
 
 
Table 5: Pearson Correlation Coefficient Number of Employees, 
Annual Turnover & Knowledge about Big Data, BI, AI and Smart 
Data 
 
Reflecting on Q6, only three percent of the participant’s companies use Smart Data 
applications and 93% of the companies do not use Smart Data applications. The 
remaining four percent of participants claimed that they did not know if their companies 
are using Smart Data applications.  
 
In order to evaluate if the nominal scaled factor for use of Smart Data (Q6) correlates 
with the factors Operating Industry (Q2), Number of Employees (Q3) and Turnover 
Number Employees Annual Turnover
Big Data Pearson Correlation 0.08 0.08
Sig. (2-tailed) 0.116 0.124
BI Pearson Correlation -0.05 -0.08
Sig. (2-tailed) 0.339 0.101
AI Pearson Correlation 0.03 0.07
Sig. (2-tailed) 0.514 0.145
Smart Data Pearson Correlation -0.05 -0.08




(Q4), three individual Pearson Chi Square tests was conducted. As all three tests show 
values below 0.05, therefore the hypothesis that there is no correlation has to be 
neglected which means that all three factors industry operating, the number of 
employees, and the turnover have a significant correlation with the circumstance if a 
company is using Smart Data applications or not. These findings are illustrated in table 
six. This means the bigger the turnover, the more employees, the higher the chances 




Table 6: Pearson Chi-Square Operating Industry, Number of 
Employees, Annual Turnover & Usage of Smart Data 
 
 
Overall, three percent of the participants claimed that their company is using Smart 
Data applications. However, four industries show significant stronger values in 
comparison to the average results, which are Other (21.0%), Electronic Goods (8.1%), 
Large Kitchen Appliances (6.7%), and Powertools (3.6%). Interestingly, the only two 
industries where the knowledge of Smart Data (part of Q5) and the actual use of Smart 
Data (Q6) is above the average value, is the Electronic Good industry and ‘Other’. In 
addition, the industry ‘Other’ has significant higher value compared to any other 
industry that’s why a single case analysis is conducted in order to gain further 
knowledge about the industry “Other”.  
 
In total 19 participants gave their input as industry they are working in as ‘Other’. In 
this category the following 18 job titles were indicated. Some of the job titles have been 
slightly modified by the researcher to protect personal data: 
• Solution Architect 
• Market Researcher 
Pearson Chi-Square Value df Asymp. Sig. (2-tailed)
Industry 57.49 38 0.022
Number of Employees 40.58 14 0




• Expert for continuous professional learning 
• Head of Service Management 
• Programme Manager at University 
• Teamlead Business Intelligence 
• Head of Operations and Infrastructure 
• Managing Director 
• Senior Sales Manager  
• Consultant in Corporate Finance 
• Senior Director Marketing and Product Management 
• Assistant of CEO 
• Product Manager 
• Director Business Development 
• Director Sales and Marketing 
• Head of Business Sector Industrial Quality Research 
• CTO 
• IT Consultant 
 
Comparing the job titles with the average distribution across the industries, the 
Category ‘Other’ showed a significant higher percentage of people working in Data 
driven jobs such as Solution Architect, Market Research, Expert for continuous 
professional learning, Head of Operations and Infrastructure, and IT Consultant. In 
addition, three of these participants who gave their Email contacts were contacted by 
the researcher to discover what kind of industries are related to the Category ‘Other’.  
 
The ‘Senior Director Marketing and Product Management’ were working for a large 
corporation who build and produce lenses for the consumer good industry. Formally 
this person had work in Power tool industry. The ‘Market Researcher’ was working for 
a company producing cleaning devices for the end-user, and the ‘IT consultant’ was 
working for a consulting company who implement IT solutions focusing on consumer 
good companies. 
 
Further, findings suggest with an increase in the number of employees, the use of 
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Smart Data seems to increase. In the employee group ‘201-250 employees, 2.6% of 
the companies are using Smart Data applications and in the user group ‘above 250 
employees 3.35% of the companies are already using Smart Data applications. In all 
the employee groups who took part in the study which are below 5 employees and all 
the groups with employees between 21 and 200 employees don’t use Smart Data 
applications. Indeed, it is clear that 81% of the participants were working in companies 
with more than 250 employees and that the number of participants for the smaller 
companies are underrepresented and hence the findings can only give a tendency. 
One interesting finding was in the employee group ‘5-20’. In this group, only three 
participants took part of which two (66.6%) answered that the company is using Smart 
Data. Further investigations on those two individual people brought the conclusion that 
both work in a data management consultancy which explains these findings. 
Therefore, it does not have any statistical relevance. 
 
Only one of the participants could be contacted who is Product Manager in an 
Electronic Good companies providing LED lights for the consumer’s home. The 
company he is working is legally independent but belongs to a huge worldwide active 
corporation who also provides Smart Data applications to their connected 
corporations. Indeed, this supports the findings that the bigger the size of a corporation 
the higher the chances to find Smart Data applications. In addition, there is a slight 
tendency that companies with higher turnover have a bigger tendency to already use 
Smart Data applications. This suggest;  
 
• Use of Smart Data within a company correlates with the operating industry, the 
number of employees and the annual turnover 
• The industries Other (21.0%), Electronic Goods (8.1%), Large Kitchen 
Appliances (6.7%) and Powertools (3.6%) show significantly higher 
percentages in the use of Smart Data (Q6) than the average  
• The industries Other and Electronic Goods are the only two industries which 
show values above average knowledge of Smart Data (part on Q5) and Usage 
of Smart Data (Q6) 
To obtain insights about the awareness of Smart Data and Artificial intelligence, the 
non-mandatory open question Q18 was incorporated in the questionnaire so that only 
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people with knowledge of the same could respond to. In total 20 respondents provided 
answer to the question ‘What is your view in relation to Smart Data and Artificial 
Intelligence?’  
 
In the view of the participants, Smart Data gained importance during the last years 
and will be the key element in the future in terms of processes, way to structure data, 
and how the company is operating. Smart Data is seen to be learning Data which 
provides the right information when it is required. Based on that, Smart Data will be a 
future must have in order to stay competitive. In general, Smart Data is perceived 
positively. The Artificial Intelligence will in many ways change the way people live. 
However, it is to question if artificial intelligence is purely beneficial or if there are 
downsides one needs to consider. Artificial intelligence is generally perceived as a 
mixture of positive and negative aspects. 
 
4.1.4 Benefits of Smart Data 
As Q7, Q8 and Q11 are ordinal scaled questions, descriptive statistics will be applied 
whereas Q16 and Q17 are open questions and will be individually analysed at the end 
of this section. The mean value represents the average score of all participants in the 
Likert Scale (1=Strongly Disagree; 2= Disagree; 3= Neutral; 4= Agree; 5= Strongly 
Agree), which means that a mean score above 4 can be seen as a significant high 
score. (Saunders et al., 2015) In addition, the standard deviation (SD) demonstrates 
how much the mean score differs within the participants. Therefore, a SD scores below 
one is suggested to be rather low. 
 
The section presents the frequencies count on 30 independent variables under “Smart 
Data in participant companies”, “Data Management” and “Competitiveness”. The 
highest score in terms of “Smart Data in Participant companies” is Q7e “A Smart Data 
framework to be used as a guideline to adopt Smart Data would be beneficial” 
(mean=4.42, SD=0.6). This was followed by Q7c “Smart Data could add value” 
(mean=4.32, SD=0.57), Q7d “Implementation of Smart Data would be great” 
(mean=4.32, SD=0.6), Q7b “Smart Data could improve the business performance” 
(mean=4.26, SD=0.54) and Q7a “Data is already used for decision making processes 
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“ (mean=3.06, SD=0.7). 
 
Q8 analysed different aspects of Data Management. The highest score was Q8c “The 
adoption of efficient data usage can improve the sales and develop more effective 
marketing activities” (mean=4.64, SD=0.53). This was followed by Q8a “Efficient data 
usage enable companies to operate the business in a more efficient way” (mean=4.3, 
SD=0.53), Q8d “Efficient Data usage enable companies to identify customers' 
characteristics and their purchase behaviours” (mean=4.24, SD=0.57) and Q8b 
“Efficient data usage can helps companies to reduce operational costs” (mean=4.17, 
SD=0.55). 
 
The benefit from opportunities for competitiveness was one key element for 
companies to ensure a sustainable business. (Harrigan, 2017) Q11 “efficient usage of 
Smart Data enables” companies to improve their business in certain areas. The 
highest score was Q11h “implement agile price system which react to the demand and 
supply” (mean=4.55, SD=0.59). This is followed by Q11g “increase business 
performance” (mean=4.38, SD=0.54), Q11e “to operate the business in a better way” 
(mean=4.34, SD=0.56), Q11f “to reach competitive advantage” (mean=4.33, 
SD=0.57), Q11c “to develop new products or services in a better way (mean=4.23, 
SD=0.54), Q11d “to be aware of leading edge in technological innovation (mean=4.22, 
SD=0.58),Q11a “faster realizing changing market demands” (mean=4.21, SD=0.5) 
and Q11b “to be prepared to capture new markets” (mean=4.15, SD=0.57). The 






Table 7: Descriptive statistics Benefits of Smart Data 
 
The above suggest the following key findings: 
 
• A Smart Data Framework seems to be one key driver for implementing Smart 
Data (mean=4.42, SD=0.6). Further analysis about CF’s for the Smart Data 
framework will be follow in chapter 4.1.6 
• The factor “The adoption of efficient data usage can improve the sales and 
developed more effective marketing activities” (mean=4.64, SD=0.53) seems 
to be the most relevant one in terms of Data Management. 
• The factor “implement agile price system which react to the demand and 
supply” (mean=4.55, SD=0.59) seems to be the most relevant one in terms of 
reaching competitive advantage. A detailed analysis about the factor agile price 
setting in the context of Smart Data framework follow in chapter 4.1.5 
To gain additional insights about the Benefits of Smart Data the open question Q16 
and Q17 were incorporated in the questionnaire. These were non-mandatory 









Q7a Data is already used for decision making processes 3.06 0.03 0.7
Q7b Smart Data could improve the business performance 4.26 0.03 0.54
Q7c Smart Data could add value 4.32 0.03 0.57
Q7d Implementation of Smart Data would be great 4.32 0.03 0.6
Q7e




Q8a Efficient data usage enable companies to operate the business in a more efficient way 4.3 0.03 0.53
Q8b Efficient data usage can helps companies to reduce operational costs 4.17 0.03 0.55
Q8c








Q11a faster realizing changing market demands. 4.21 0.02 0.5
Q11b to be better prepared to capture new markets. 4.15 0.03 0.57
Q11c to develop new products/services in a better way. 4.23 0.03 0.54
Q11d to be aware of leading edge in technological innovation. 4.22 0.03 0.58
Q11e to operate the business in a better way. 4.34 0.03 0.56
Q11f to reach competitive advantage. 4.33 0.03 0.57
Q11g increase business performance 4.38 0.03 0.54
Q11h implement agile price systems which react to the demand and supply. 4.55 0.03 0.59
N=406
Competitiveness
"Efficient usage of Smart Data enables us:​​"
Data Management
Smart Data in your Company
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In total 20 people answered question Q16: ‘Are there any challenges faced by 
companies using Smart Data in relation to durable consumer good companies 
operating in Germany? Which ones?’  
 
In the view of the participants not all companies have the right infrastructure, capacity 
and knowledge for Smart Data systems. Additionally, the IT infrastructure costs, data 
management knowledge, and willingness to use Smart Data as well as the set-up and 
maintenance of a professional user data Management infrastructure were seen as 
clear challenges to be overcome. Further the required databases were often of not 
existence and there was a general lack of understanding of agile pricing and 
acceptance of data being a decision maker. Based on that it was also difficult to 
measure the investment versus resulting savings, turnover, profits, or other benefits 
which a Smart Data application might bring. 
 
Moreover, data security plays an important role when it comes to analysing and 
gaining customer data in particular where laws need to be respected. Furthermore, 
older people tend to be reluctant to share their preferences by social media or similar 
platforms which means that less data can be captured and therefore less data can be 
analysed. As a result, companies may not realise the needs of this demography who 
are a big part of the society and may tend to have more spending power. 
 
In total 21 participants responded to question Q17: ‘How would Smart Data add Value 
to you company?’. In the view of participants data could be used more efficiently, 
speed up decision making, and accelerate the response time to changing 
circumstances. Hence, the target group could be understood better, increase in 
turnover, better profitability and competitive advantage. In addition, the 
implementation of Smart Data applications can bring the company to the next level by 
improving logistical service level, improve user experience, and user focus in the 
product development process, improve and lower the costs for user interactions and 
user marketing, improve quality management, lower production costs, lower logistic 




4.1.5 Smart Data Processes 
As shown in figure 30, the majority (84%) of participants claimed that the IT department 
is responsible for Data management in their company followed by five percent ‘Each 
department for their own’ which leads to the assumption that the majority of companies 
choose the IT department for the ownership role of data and other companies do not 




Figure 30: Owner for Data Management 
 
As shown in table eight, the highest score in terms of Value Chain (Q10) “Efficient 
usage of data enables us to improve the business performance in the following areas” 
is Q10c Sales and Marketing (mean=4.88, SD=0.38). This is followed by Q10e Agile 
Price Setting (mean=4.65, SD=0.56), Q10d Distribution processes (mean=4.5, 
SD=0.58), Q10b Transaction processes (mean=4.03, SD=0.76) and Q10a 
Procurement processes (mean=3.96, SD=0.7). These findings show that Smart Data 
may have a positive impact on all the above areas within the supply chain. 
 
In addition, these findings underline the huge importance of Smart Data in the context 
of Sales & Marketing and Agile Price setting. However, the findings Q8 (section 4.1.4) 
already shown the impact on Marketing and Sales in terms of Data Management and 
defining the most appropriate offers for the market, Q10 confirms the importance by 
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suggesting that this category is a key driver for business performance improvement. 
 
The same applies to agile price setting in the context of Smart Data. As question 10 
suggests that agile price setting may have a positive impact on the business 
performance, Q11 (chapter 4.1.4) identified that implementing agile price systems 
react to the demand and supply which is a critical factor for competitive advantage in 
the context of Smart Data. 
 
 
Table 8: Smart Data Processes 
 
To gain additional insights about the Smart Data Processes, the open questions and 
non-mandatory Q14 and Q15 have been applied. For Q14 in total 23 people gave an 
answer to the asked question: ‘How can Smart Data have a positive impact on the 
business performance of durable consumer goods companies?’ 
 
In the view of the participants, agile price setting is one key element enhancing the 
business performance by providing more market transparency, faster response to 
pricing, and prevent information overload. Further Smart Data can support a more 
transparent and data driven approach which not only improves the business 
performance but also efficiency, as today different departments conduct similar 
analysis for decision making. Furthermore, Smart Data applications may optimize 
internal processes like working capital and liquidity management and customer 
service. Summarizing the above findings: 
Number of 
Question Variable





Q10a Procurement processes 3.96 0.03 0.7
Q10b Transaction processes 4.03 0.04 0.76
Q10c Sales and Marketing 4.88 0.02 0.38
Q10d Distribution processes 4.5 0.03 0.58
Q10e Agile Price Setting 4.65 0.03 0.56
N= 406
Value Chain
"Efficient usage of data enables us to improve the business 




• Smart Data can be of significant benefit to changing external environment. 
• Smart Data has the potential to enhance internal processes 
 
For Q15 in total 17 participants responded to the question: ‘How does the use of Smart 
Data systems support an efficient and agile price setting in durable consumer good 
companies?’. The response suggested that market price levels and competitor's 
moves could be realised in real time and instant adaption of pricing possible while 
products with high margins or high stock can be put into focus. In addition, companies 
could be much faster in price setting and therefore be more competitive. In relation to 
that it can help to understand the periods the consumers are more likely to buy, when 
higher margin can be generated. The above enables dynamic pricing strategies 
through use of Smart Data to serve the customer in the best possible way, be ahead 
off the competition, and improve the profitability of the business. 
 
4.1.6 Critical Success factors for Smart Data Framework 
Q12 analysis suggested that the highest score was given to Q12m “Focused on action 
value” (mean=4.5, SD=0.57). This is followed by Q12n “Definition of KPI ‘s” 
(mean=4.48, SD=0.58), Q12d “Customer Focus” (mean=4.42, SD=0.55) and Q12i 
“Data” (mean=4.4 SD=0.54). In addition, all other independent factors of Q12 showed 
significant high “mean” values of between 4.39 and 4.24 and SD factors between 0.57 
and 0.68. The above is illustrated in table nine and suggest that the above CSFs are 





Table 9: Critical Success Factors 
 
In the context of Smart Data Framework all factors are identified to be relevant as all 
factors show a mean score of 4.24 and above. However, the three factors “Focused 
on action value” (mean=4.5, SD=0.57), “Definition of KPI ‘s” (mean=4.48, SD=0.58), 
and “Customer Focus” (mean=4.42, SD=0.55) are identified to be the most relevant 
ones. Further, Q13 identifies 97% agree or strongly agree (85% strongly agree, 12% 
agree) that a Smart Data framework is needed to provide guidelines to companies 
who wish to adopt Smart Data applications in order to enhance their business 










Q12a Data Driven decision making 4.34 0.03 0.57
Q12b Empowerment of employees 4.28 0.03 0.58
Q12c Investment 4.3 0.03 0.62
Q12d Customer Focus 4.42 0.03 0.55
Q12e Review, maintenance & enhancement 4.29 0.03 0.62
Q12f IT resources 4.37 0.03 0.59
Q12g IT capabilities 4.36 0.03 0.58
Q12h IT infrastructure 4.36 0.03 0.6
Q12i Data 4.4 0.03 0.54
Q12j Sensing, integrating & reconfiguring 4.31 0.03 0.59
Q12k Defining boundaries 4.28 0.03 0.64
Q12l Data management policy 4.31 0.03 0.59
Q12m Focused on action value 4.5 0.03 0.57
Q12n Definition of KPI‘s 4.48 0.03 0.58
Q12o Process of implementation 4.38 0.03 0.58
Q12p Data requirement & quality 4.39 0.03 0.57
Q12q Customer acceptance to use the data 4.37 0.03 0.61
Q12r Regulations 4.24 0.03 0.65
Q12s Security 4.35 0.03 0.61
Q12t Dynamic 4.38 0.03 0.61
Q12u Definition of access levels per user group 4.3 0.03 0.69
N= 406
Critical Success Factors
 "In your point of view, what are the CSFs making Smart Data applications sucessfull?"
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4.2 Qualitative Research 
This sections analysis the findings of the quantitative research of this study. The 
questionnaire used consisted of 13 questions and it is incorporated in Appendix C. 
 
4.2.1 Sample Profile 
For the qualitative research, interviews were conducted to gain a better knowledge 
about the relationship between Smart Data and the durable consumer good industry 
in Germany. The aim is to support a better understanding of how Smart Data may 
have positive impact on agile pricing, business performance, and the development of 
the Smart Data framework. Qualitative data was collected via telephone and face-to-
face interviews and the average duration was 45 minutes. The majority of the 
participants took part in the survey and agreed in the survey form to take part in the 
interviews. 
 
As described in section 3.4.1 the qualitative method used semi-structured interviews 
in order to gain relevant insights. In total ten interviews were conducted of which nine 
were face to face and one via phone. Two of the participants are Big Data experts, 
one directly in the durable consumer good industry and the other one is working for a 
Consulting agency. Four of the participants worked in Marketing Management 
functions of which one worked in the Power tools Industry, one in the large kitchen 
appliances industry, and two worked in the Electronic Goods industry. Two of the 
participants work in Sales functions, one in the car industry and one in the bicycle 
industry. Further, one of the participants is a Logistics Manager in the Power tools 
industry and one is working as a Controller in the car industry. The reason for selecting 
these companies was to gain a broader view of different industries and different 
departments. Asking a heterogenic group of people result in different views and 








4.2.2 Interview one 
Company Profile 
Industry: Bicycle 
Headquarter: Waldershof, Germany 
German Location: Waldershof, Germany 
Geographical coverage: Germany 
Product: Bicycle 
umber of employees: >500 
Annual turnover: €35 million  
Function: Sales Manager 
 
The interviewed person stated that marketing activities are mainly driven on sell in and 
sell out data which are manually analysed by the marketing department. Further, data 
is managed by IT, however, there are limited rules and policies besides the legal 
trainings on how to handle personal data. To the question of if efficient and automated 
processed data could bring benefit, the interviewed person clearly stated that this 
would generate huge benefits such as data driven decision making which makes the 
company less dependent on the experience and knowledge of single persons in the 
company. Based on that, decisions become more structured, comprehensible, and 
objective. In addition, it could also enhance the efficiency and profitability of the 
company drastically in terms of marketing activities, logistical processes, stock 
keeping, and cash flow in case all relevant data is processed and leaded to the right 
and most economical solution for the company. In this sense competitive advantage 
can be reached as the external approach is tackled through the best and most efficient 
marketing activities and agile pricing which responds to market movements. 
Furthermore, the internal approach of making the internal value chain more efficient 
will leads to increasing profitability which means that shareholders of the company will 
be happy to further invest. The key critical success factors for implementing Smart 
Data is that each analysis leads to action in the value chain and behind each analytics 
there are measurable KPI’s. Furthermore, it is a key that there is the general 
willingness to steer the business data driven. The main challenge for the 
implementation, besides the capacity and competencies required, is that the Smart 
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Data implementation generates value for the company which can be measured. This 
is the key to gain top management support and go ahead with major investment to 
implement Smart Data solutions. The comparison between Artificial Intelligence and 
Smart Data is that Artificial Intelligence aims to replace people by automated 
algorithms while Smart Data aims at combining the given Data and the knowledge of 
the human leading to improvements in the value chain. A Smart Data framework would 
be highly appreciated, as the knowledge of Smart Data in the society is generally very 
low. 
 
4.2.3 Interview two 
Company Profile 
Industry: Electronic Goods 
Headquarter: Seoul, South Korea 
German Location: Schwalbach am Taunus, Germany 
Geographical coverage: Germany 
Product: TV, Smart Phones, Tablets  
Number of employees: > 90,000 
Annual turnover: €220 billion  
Function: Marketing Manager 
 
The headquarters of this company is situated in South Korea but the interviewed 
person works in the Germany subsidiary and is responsible for the Marketing 
operations for the German market. The interviewed person stated that marketing 
activities are mainly driven by headquarters direction which products to push as there 
are clear annual sales targets per product, which are in turn related to bonuses. In 
addition, factors like sell in and sell out data are used in order to tackle the right price 
points for the respective marketing activities per product and be faster in price 
adaptation in comparison with the competition. Further, data is managed partly by the 
central IT department at the headquarter and partly by the local IT department. 
Especially legal aspects are speered centrally. To the question of if efficient and 
automated processed data could bring benefit, the interviewed person clearly stated 
that this would generate huge benefits such as data driven decision making especially 
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for price setting, logistical planning and warehouse management. In conclusion this 
would mean that Sales will be boosted through better competitive behaviour and 
internal costs will be minimized as logistical processed can be optimized and 
warehouse costs can be reduced. Based on that the main benefit is that the profit for 
the company can be raised. The key critical success factors for implementing Smart 
Data is that each analysis leads to action in the value chain and behind each analytics 
there are measurable KPI’s. Furthermore, it is key that there is the general willingness 
to steer the business data driven. The main challenge for the implementation is that 
there is a measurable benefit and clear target as the willingness to invest huge amount 
of money will not be done on pure believe. In addition, Top Management will also lose 
power in case decisions are based on data rather than on hierarchy. The comparison 
between Artificial Intelligence and Smart Data is that Artificial Intelligence is aim at 
automation while Smart Data aims to transform all relevant data into decision 
proposals while the human still have to decide on the individual actions. A Smart Data 
framework would be highly appreciated as the knowledge on Smart Data in the society 
is generally very low. 
 
4.2.4 Interview three 
Company Profile 
Industry: Automotive 
Headquarter: Stuttgart, Germany 
German Location: Stuttgart, Germany 
Geographical coverage: Germany 
Product: Car 
Number of employees: > 298,000 
Annual turnover: €167 billion 
Function: Controlling Manager 
 
The interviewed person stated that marketing activities are mainly driven on 
experience by the marketing department, overall strategy, and competitive 
environment. Further, data is managed by IT with a complex internal policy on how to 
handle different kind of data. To the question if efficient and automated processed data 
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could bring benefit, the interviewed person clearly stated that this would generate 
significant benefits for the company such as faster realizing changing markets and 
data driven decision making which makes the company less dependent on the 
experience and knowledge of single persons in the company. In addition, it could also 
enhance the efficiency and profitability of the company drastically in terms of marketing 
activities, logistical processes, stock keeping, and cash flow. The main benefit was 
reported to be enhanced in the long term. The most important critical success factor 
is that Smart Data applications lead to value creation within the company as without 
data driving decisions, the value of data is not given. The main challenge of 
implementing Smart Data applications is the measurement of benefits which the 
implementation may bring as huge investments will not be taken up without clear and 
realistic targets on how this may influence the financial position of the company in a 
positive way especially for companies trading on the stock market. The agile price 
setting would be beneficial for launching new products in the sense of capturing the 
real picture on competitive pricing and number of pieces sold so the most efficient 
price for a new product launch may be identified. The comparison between Artificial 
Intelligence and Smart Data is that Artificial Intelligence aims to make fully automized 
action while Smart Data aims to transform all relevant data into decision proposals 
while the human still have to decide on the individual actions. A Smart Data framework 
would be very beneficial to companies as the knowledge of Smart Data development 
and implementation is very limited. 
 
4.2.5 Interview four 
Company Profile 
Industry: Consultancy 
Headquarter: Berlin, Germany 
German Location: Berlin, Germany 
Geographical coverage: Germany 
Product: Big Data 
Number of employees: > 300 
Annual turnover: €20 million 




As this interviewed person is a consulting expert in the relevant field, the questions 
and answers are based on his professional experience with companies in durable 
consumer good industry operating in Germany. The interviewed person stated that 
marketing activities are mainly driven on sell in and sell out data which are manually 
analysed by the marketing department. In addition, the experience of single 
employees often plays and important role. In some companies marketing activities are 
also highly impacted by central targets on product level or strategic focus. Only a 
minority of companies make detailed analysis using data and knowledge into 
consideration as often there are tons of unstructured data available which makes the 
data useless. Further, data is usually managed by IT or the CEO. While bigger 
companies tend to shift the responsibility towards the IT department, smaller 
organisations tend to have the CEO as the responsible person for data in place. To 
the question of if efficient and automated processed data could bring benefit, the 
interviewed person clearly stated that this would generate huge benefits such as data 
driven decision making which makes the company less dependent on the experience 
and knowledge of single persons in the company. Based on this, decisions become 
more structured, comprehensible, and objective. In addition, it could also enhance the 
efficiency and profitability of the company drastically in terms of marketing activities, 
agile price setting, logistical processes, stock keeping, and cash. Further, in this sense 
competitive advantage can be reached as the external approach is tackled through 
the best and most efficient marketing activities and agile pricing which is dynamic and 
based on market movements and competitors. Smart Data enables the company to 
be aware of changing trends in the market and use all available information on 
competition, external factors and trend to adjust the company’s response and use 
Intelligent Data in order to make the employees focus on decisions rather than on 
manual data analysis. Furthermore, the internal approach of making the internal value 
chain more efficient leads to increasing profitability which means that shareholders of 
the company will be happy to further invest their money.  
 
The key critical success factors for implementing Smart Data is that each analysis 
leads to action in the value chain and behind each analytics there are measurable 
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KPI’s. Furthermore, it is key that there is the general willingness to steer the business 
data driven. The main challenge for the implementation, besides the capacity and 
competencies required, is that the Smart Data implementation generates value for the 
company which can be measured. This is the key to gain top management support for 
further investment for implementing Smart Data solutions. In addition, lack of 
knowledge of Smart Data and lack of willingness to transform the company into a data 
driven company is an additional challenge. The comparison between Artificial 
Intelligence and Smart Data is that Artificial Intelligence aims to replace people by 
automated algorithms while Smart Data aim at combining Data and human knowledge 
to achieve improvements in the value chain. A Smart Data framework would be highly 
appreciated as the knowledge on Smart Data in the society is generally very low. 
 
4.2.6 Interview five 
Company Profile 
Industry: Automotive 
Headquarter: Ingolstadt, Germany 
German Location: Ingolstadt, Germany 
Geographical coverage: Germany 
Product: Car 
Number of employees: > 91,000 
Annual turnover: €59 billion  
Function: Sales Manager 
 
The interviewed person stated that marketing activities are mainly driven by the 
experience of marketing department, business strategy, and competitive environment. 
Further, data is managed by IT however with a complex internal policy on how to 
handle different kind of data. To the question of if efficient and automated processed 
data could bring benefit, the interviewed person clearly stated that this would generate 
many benefits for the company including; faster realisation of changing markets and 
data driven decision making which makes the company less dependent on the 
experience and knowledge of individuals in the company. In addition, it could also 
enhance the efficiency and profitability of the company drastically in terms of marketing 
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activities, logistical processes, stock keeping, and cash flow. The main benefit was 
reported to be enhanced profits. The most important critical success factor is that 
Smart Data applications lead to value creation within the company and data driven 
decisions. The main challenge of implementing Smart Data applications is the 
measurement of benefits which the implementation may bring as huge investments 
will not take place without clear and realistic justification. The agile price setting is 
beneficial for launching new products in the sense of capturing the real picture on 
competitive pricing and number of pieces sold so the most efficient price for a new 
product launch may be identified. The comparison between Artificial Intelligence and 
Smart Data is that Artificial Intelligence aims to make fully automized action while 
Smart Data aims to transform all relevant data into decision proposals while the human 
still have to decide on the individual actions. A Smart Data framework would be highly 
appreciated as the knowledge on Smart Data in the society is generally very low. 
 
4.2.7 Interview six 
Company Profile 
Industry: Powertools 
Headquarter: Leinfelden-Echterdingen, Germany 
German Location: Leinfelden-Echterdingen, Germany 
Geographical coverage: Germany 
Product: Powertools, Gardentools 
Number of employees: > 20,000 
Annual turnover: €4 billion  
Function: Logistics Manager 
 
The interviewed person stated that marketing activities are mainly based on 
experience of the marketing department, market data, the overall strategy of the 
company and with a clear focus to maximize the Earnings in the best way possible. 
Further, data is managed by IT however with a complex internal policy on how to 
handle different kind of data. To the question of if efficient and automated processed 
data could bring benefit, the interviewed person clearly stated that this would generate 
huge benefits such as faster realisation of changing markets and data driven decision 
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making which makes the company less dependent on the experience and knowledge 
of single persons in the company. In addition, it could also enhance the efficiency and 
profitability of the company drastically in terms of marketing activities, logistical 
processes, stock keeping, cash flow in case all relevant data is processed and directed 
at the right and most economical solution for the company. The main benefit is long 
term financial benefits and market shares due to knowledge of the company from 
changing market in advance of competitors. The most important critical success factor 
is that Smart Data applications lead to value creation within the company as without 
data driving decisions, the value of data is not realised. The main challenge of 
implementing Smart Data applications is the missing IT infrastructure and the difficult 
measurement of benefits versus the huge investments. The agile price setting is 
beneficial for launching new products based on capturing the real picture of 
competitive pricing and number of pieces sold so the most efficient price for a new 
product launch may be identified. The comparison between Artificial Intelligence and 
Smart Data is that Artificial Intelligence aim at fully automating actions while Smart 
Data aims to transform all relevant data into decision proposals while the human still 
have to decide on the individual actions. A Smart Data framework would be highly 
appreciated as the knowledge on Smart Data in the society is generally very low. 
 
4.2.8 Interview seven  
Company Profile 
Industry: Powertools 
Headquarter: Leinfelden-Echterdingen, Germany 
German Location: Leinfelden-Echterdingen, Germany 
Geographical coverage: Germany 
Product: Powertools, Gardentools 
Number of employees: > 20,000 
Annual turnover: €4 billion  
Function: Product Manager 
 
The interviewed person stated that marketing activities are mainly driven by the 
experience of the marketing department and especially on the overall strategy of the 
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company. To ensure sustainable jobs for all employees, the most important KPI for 
this family owned company is a stable market share. Further, data is managed by IT 
however with a complex internal policy how to handle different kind of data. To the 
question if efficient and automated processed data could bring benefit, the interviewed 
person clearly stated that this would generate huge benefits such as faster realisation 
of changing markets and data driven decision making which makes the company less 
dependent on the experience and knowledge of individual persons in the company. In 
addition, it could also enhance the efficiency and profitability of the company drastically 
in terms of marketing activities, logistical processes, stock keeping, cash flow in case 
all relevant data is processed and directed at the right and most economical solution 
for the company. The main benefit was reported to be enhanced profitability in the long 
term and market shares due to knowledge of the company well in advance of the 
competition. The most important critical success factor is that Smart Data applications 
lead to value creation within the company as without data driving decisions, the value 
of data is not realised. The main challenge of implementing Smart Data applications 
is the measurement of benefits which the implementation may bring as huge 
investments will not be taken up without clear and realistic targets on how this may 
influence the company in a positive way. The agile price setting would be beneficial 
for launching new products in the sense that capturing the real picture on competitive 
pricing and number of pieces sold enable provision of most efficient price for a new 
product launch. The comparison between Artificial Intelligence and Smart Data is that 
Artificial Intelligence aim at automating actions while Smart Data aim to transform all 
relevant data into decision proposals while the human still have to decide on the 
individual actions. A Smart Data framework would be highly appreciated as the 
knowledge on Smart Data in the society is generally very low. 
 
4.2.9 Interview eight 
Company Profile 
Industry: Large Kitchen Appliances 
Headquarter: Benton Harbor, USA 
German Location: Stuttgart, Germany 
Geographical coverage: Germany 
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Product: Large Kitchen Appliances 
Number of employees: > 93,000 
Annual turnover: €21 billion  
Function: Senior Category Manager 
 
The headquarters of this company is situated in the USA but the interviewed person 
works in the Germany subsidiary and is responsible for the product range and trade 
marketing operations and the P&L for the German, Austrian, and Swiss markets. The 
interviewed person stated that marketing activities are mainly driven on sell in and sell 
out data which are manually analysed by the marketing department and all actions are 
fully focused ton maximizing the direct contribution margin. Further, data is managed 
by IT, however, there are limited rules and policies besides the legal trainings on how 
to handle personal data. To the question of if efficient and automated processed data 
could bring benefit, the interviewed person clearly stated that this would generate huge 
benefits such as data driven decision making especially for price setting, logistical 
planning, and warehouse management. In conclusion this would mean that Sales will 
be boosted through better competitive behaviour and internal costs will be minimized 
as logistical processed can be optimized and warehouse costs can be reduced. Based 
on this the main benefit is higher profit for the company. The key critical success 
factors for implementing Smart Data is that each analysis leads to action in the value 
chain and behind each analytics there are measurable KPI’s. Furthermore, it is key 
that there is the general willingness to steer the business data driven. The main 
challenge for the implementation is that there is a measurable benefit and clear target 
as the willingness to invest huge amount of money will not be done on pure believe. 
In addition, Top Management will also lose power in case decisions are based on data 
rather than on hierarchy. The comparison between Artificial Intelligence and Smart 
Data is that Artificial Intelligence aims to make fully automated action while Smart Data 
aims to transform all relevant data into decision proposals while the human still have 
to decide on the individual actions. A Smart Data framework would be highly 




4.2.10 Interview nine 
Company Profile 
Industry: Powertools 
Headquarter: Leinfelden-Echterdingen, Germany 
German Location: Leinfelden-Echterdingen, Germany 
Geographical coverage: Germany 
Product: Powertools, Gardentools 
Number of employees: > 20,000 
Annual turnover: €4 billion  
Function: Big Data Consultant 
 
The interviewed person stated that marketing activities are mainly driven based on the 
experience of the marketing department, market data, the overall strategy of the 
company, and with a clear focus to maximize the earnings before interest and taxes  
(EBIT) in the best way possible. Further, data is managed by IT however with a 
complex internal policy on how to handle different kind of data. To the question of if 
efficient and automated processed data could bring benefit, the interviewed person 
clearly stated that this would generate huge benefits such as data driven decision 
making which makes the company less dependent on the experience and knowledge 
of single person in the company. Consequently, decisions become more structured, 
comprehensible, and objective. In addition, it could also enhance the efficiency and 
profitability of the company drastically in terms of marketing activities, agile price 
setting, logistical processes, stock keeping, cash flow when all relevant data is 
processed and directed at right and most economical solution for the company. 
Further, in this sense competitive advantage can be reached as the external approach 
is tackled through the best and most efficient marketing activities and agile pricing 
which adapts based on market movements. Smart Data enables the company to be 
aware of changing market trends and use all available information on competition, 
external factors, and trend to adapt the company’s behaviour and use Data intelligence 
in order to make the employees focus on decisions rather than on manual data 
analysis. Furthermore, the internal approach of making the internal value chain more 
efficient leads to increasing profitability which means that shareholders of the company 
will be happy to further invest their money.  
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The key critical success factors for implementing Smart Data is that each analysis 
leads to action in the value chain and behind each analytics there are measurable 
KPI’s. Furthermore, it is key that there is the general willingness to steer the business 
data driven. The main challenge for the implementation, besides the capacity and 
competencies required, is that the Smart Data implementation generates value for the 
company which can be measured. This is the key to gain top management support 
and secure commitment to further investment for implementing Smart Data solutions. 
In addition, lack of knowledge of Smart Data and lack of willingness to transform the 
company into a data driven company are other important challenges. The comparison 
between Artificial Intelligence and Smart Data is that Artificial Intelligence aims to 
replace people by automated algorithms while Smart Data aims at combining Data 
and knowledge of the human to achieve improvements in the value chain. A Smart 
Data framework would be highly appreciated, as the knowledge on Smart Data in the 
society is generally very low. 
 
4.2.11 Interview 10 
Company Profile 
Industry: Electronic Goods industry 
Headquarter: Amsterdam, Netherlands 
German Location: Hamburg, Germany 
Geographical coverage: Germany 
Product: Coffee machine, Electric Toothbrush, Electric Shaver 
Number of employees: > 74,000 
Annual turnover: €17 billion  
Function: Product Manager 
 
The headquarters of this company is situated in the Netherlands but the interviewed 
person works in the Germany subsidiary and is responsible for the product range and 
marketing operations for the German market. The interviewed person stated that 
marketing activities are mainly driven by the headquarters direction including which 
product segments to push as there are clear annual sales targets giving out per 
product segment, which are highly connected with the individual bonus. In addition, 
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factors like sell in and sell out data are used in order to tackle the right price points for 
the respective marketing activities per product and be faster in price adaptation in 
comparison with the competition. The most important factor is that the marketing 
activity brings the most possible direct contribution margin. Further, data is managed 
partly by the central IT department at the headquarters and partly by the local IT 
department, legal aspects are managed centrally. To the question of if efficient and 
automated processed data could bring benefit, the interviewed person clearly stated 
that this would generate huge benefits such as data driven decision making especially 
for price setting, logistical planning and warehouse management. In conclusion this 
would mean that Sales will be boosted through better competitive behaviour and 
internal costs will be minimized as logistical processed can be optimized and 
warehouse costs can be reduced. The main benefit for the company is enhanced 
profit. The key critical success factors for implementing Smart Data is that each 
analysis leads to action in the value chain and behind each analytics there are 
measurable KPI’s. Furthermore, it is key that there is the general willingness to steer 
the business data driven. The main challenge for the implementation is that there is a 
measurable benefit and clear target as the willingness to invest huge amount of money 
will not take place purely on believe. In addition, Top Management will also lose power 
in case decisions are based on data rather than on hierarchy. The comparison 
between Artificial Intelligence and Smart Data is that Artificial Intelligence aim at fully 
automated action while Smart Data aims to transform all relevant data into decision 
proposals while the human still have to decide on the individual actions. A Smart Data 
framework would be highly appreciated, as the knowledge on Smart Data in the 
society is generally very low. 
 
4.2.12 Interviews key Findings 
The key findings of the qualitative research are illustrated in table ten. In order to make 
the finding as digestible as possible, the author structured the interview findings in the 
same way. In case of similar answers, some paragraphs show a very high similarity. 
 
The most common factors which drive marketing activities are sell in and sell out data 
which are manually analysed by the marketing department and the experience of 
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marketing individuals. Some of the interviewers stated as well, that the strategic focus 
of the company is on setting targets for product level and maximizing the profit which 
has a direct impact on marketing activities. Further, data is usually managed by IT 
while in smaller companies it might be managed by the CEO. The response to the 
benefits was generally shared by all respondents and include; data driven and 
structured decision making, enhanced efficiency, and profitability in agile price setting, 
logistical processes, stock keeping, and cash flow leading to enhanced profit, market 
shares, and compatibility. In addition, Smart Data would also enable the company to 
be aware of market changes and trends, competition, and external factors, enabling 
the company to respond accordingly and change employee’s focus from manual data 
analysis to data intelligence for decision making. The above would be instrumental for 
securing future investment for Smart Data applications  
 
The critical success factors for implementing Smart Data is that each analysis leads 
to action in the value chain and behind each analytics there are measurable KPI’s. 
Furthermore, it is important that there is a general willingness to steer the business 
data driven. The main challenge for the implementation includes; lack of awareness 
and importance of Smart Data, investment in terms of infrastructure, resources, 
management support, expertise, and the desire to embrace a data driven culture. 
 
There was general agreement on comparison between Artificial Intelligence and Smart 
Data in that AI focuses on automated algorithms whilst Smart Data is aimed at 
combining data and knowledge of human for decision making. All interviewers stated 
that a Smart Data framework would be highly valuable as the knowledge of Smart 
Data and issues associated with the development and implementation of Smart Data 
is limited both in the literature and various industry sectors. 
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Table 10: Summary of interview findings
Interview IQ 1) data 
used for 
marketing





















































































































































4.3 Response to Research Questions one 
“How does the use of Smart Data systems support an efficient and agile price setting 
in durable consumer good companies?”  
 
The findings of the study suggest that agile price setting is a key element in enhancing 
business performance and applying Smart Data systems is a necessary endeavour. 
The rationale for this is based on the its benefits including; market transparency, faster 
adaptation of pricing, and avoidance of information overload. Further, Smart Data can 
support a more transparent and data driven approach instead of taking decisions 
purely based on individual or in-house experiences. The response of agile pricing to 
demand and supply showed a mean of 4.55 and Standard Deviation of 0.59, which 
means that there is a very strong average score (mean) and a low deviation (SD) 
within the participants. In consequence the factor agile pricing has a very strong 
relevance in the context of steering the supply and demand in a flexible and active 
way. 
 
Based on that, it is suggested that the implementation of Smart Data system is a 
significant factor and has the potential to lead to competitive advantage. In addition, 
market price levels and competitor's moves could be realised in real time, instant 
adaption of pricing possible while products with high margins or high stock can be put 



















4.4 Response to Research Question two 
” How can Smart Data have a positive impact on the business performance of durable 
consumer goods companies?” 
 
The study suggest that Smart Data could generate significant benefit and have a 
positive impact on the business performance as well as all parts of the supply chain 
including; data driven decision making where the decisions are not based on 
experience and knowledge of single persons in the company, but, are structured, 
comprehensibly, objectively, and based on real, accurate, reliable, and up to date 
information.  
 
In addition, it could significantly enhance the efficiency and profitability of the company 
in terms of; marketing activities, agile price setting, logistical processes, stock keeping, 
and cash flow. The above have the potential to provide the companies with competitive 
advantage. In addition, Smart Data also enables the companies to be aware of 
changing trends in the market and external environment using all available information 
on competition, external factors, and use data intelligence in order to make the 
employees focused on decisions rather than on manual data analysis. Finally, the 
positive impact of using Smart Data on value chain has the potential to encourage 






















4.5 Response to Research Objective one 
“Critically review the use and exploitation of Smart Data in various sectors to build 
analogies for the durable consumer good businesses in Germany.” 
 
The exploitation of Smart Data various sectors has been critically reviewed and 
analogies have been built.  
 
Chapter 2.2.1 described the adoption of new analytics and reporting platform 
(OpenText Analytics) by Mobis Parts Australia and its benefits including; support real-
time reporting on inventory, sales performance and vendor pricing, and analysing 
future demand and sales. The platform offers robust business intelligence functionality 
and is able to integrate seamlessly into the daily operations of a broad network of 
internal users, vendors, dealers, appealing to users and easy to use. The platform 
provides a clear and more current views of all aspects of business operations leading 
to more accurate analysis and realistic forecasts.  
 
SignalFrame was founded 2013 to organize the emerging landscape of wireless 
signals. “By capturing detectable signals from thousands of products, venues, and 
brands, SignalFrame determines when and where new things appear in the world.” 
(Signalframe [Online], 2020) SignalFrame set out to organize the emerging landscape 
of wireless signals. Through its SignalGraph platform, the company managed to 
prevent fraud and provide passive authentication offering in-home IoT and wearables, 
cities, and transportation services (Thomas, 2020). In addition, the SignalGraph™ 
platform allows early adoption of products in specific markets, and businesses opening 
and turning on their WiFi networks. (Signalframe [Online], 2020) 
 
Carto is a spatial analysis platform, which combines external data with internal data of 
companies and users. Based on that the platform creates Smart spatial Data in order 
to drive decisions. Using its location intelligence platform enable companies and cities 
leveraging the power of location data to make decisions based on public 




Another example is based the agriculture industry. AkerScout is an advance crop 
diagnostics platform which aims to maximize the profitability and sustainability of every 
farm operation. AkerScout platform supports more than 50 crop types, Aker’s 3D 
video-equipped drones help users monitor crop damage from insects, disease and 
other factors supported by Smart Data algorithms in order to draw the right conclusions 
based on the findings of the thrones. (Thomas, 2020) 
 
In addition, Gnanapragasam et al. (2018) published a study which “outlined the 
findings of a national survey of consumer purchasing factors across eighteen product 
categories. As the study of purchasing factors in relation to longevity and reliability is 
inconsistent across product categories. The research sought to develop an 
understanding of these factors across an exhaustive range of durable goods, this 
would expose product categories which present opportunities for further research, 
policy development, and subsequent product innovation.” (Gnanapragasam et al., 
2018). 
 
Based on the above and the generated data, it is fair to assume that each sector of 
durable consumer goods is unique and complex. Due to that, the efficient usage of 
Smart Data has the potential to enhance the business performance significantly. 




















4.6 Response to Research Objective two 
 “Analyse the challenges faced by companies using Smart Data in relation to durable 
consumer good companies operating in Germany.”  
 
The study found that durable consumer good companies need to have and put in place 
the required infrastructure, capacity, and knowledge to use Smart Data systems. 
Additionally, the costs associated with the above and willingness to use Smart Data 
were seen as major challenges to the development and implementation of Smart Data. 
Other challenges include; set-up and maintenance costs, unavailability of data bases, 
general lack of understanding of agile pricing, and acceptance of data being a decision 
maker by senior management.  
 
Based on the above it is often challenging to provide justification for Smart Data 
implementation, as the benefits are difficult to measure. In addition, there is evidence 
that suggest there is a lack of awareness of opportunities offered by Smart Data and 
its application. The study found that 88% of the participants have a very good or even 
expert knowledge of Big Data, 87% in BI, and 60% AI. But, only five percent of 
participants responded that they have knowledge of Smart Data. In addition, seven 
percent of the participants even never heard of the term Smart Data and 36% claim to 
have a very limited knowledge on Smart Data. The study suggests that there is a lack 
of willingness by decision makers to transform the company into a data driven 
company as this may have the consequence of empowering people to an extend which 
















4.7 Response to Research Objective three 
 “Recommend a framework for strategic exploitation of Smart Data for durable 
consumer goods companies in Germany with a view to business efficiency, service 
improvement and competitive advantage.” 
 
Organisations in the current dynamic business environment are required to respond 
positively to the challenges of globalisation, environmental conditions, competition, 
and the high rate of technological developments. The speed of response is critical for 
organisations and it is heavily influenced by the exploitation of resource, capability, 
and competences within the organisations. The findings from literature and generated 
data suggest that there is an urgent need for a Smart Data Framework with a view to 
provide companies with clear guidelines for strategic exploitation of data which more 
a more is becoming a critical asset and it is vital for enhancing organisation’s 
performance and competitiveness. The proposed framework for Smart Data illustrated 
below in figure 31. 
 
Analytical Maturity: 
Starting the Smart Data journey, the company has to have a certain maturity in terms 
of analytics. Only after having and implemented descriptive, diagnostic, predictive and 
prescriptive analytics, the company is at a stage to deal with Smart Data 
implementation. As the objective of descriptive analytics is answering the question of 
what happened. Therefore, descriptive analytics always deals with data from the past. 
The objective of diagnostic analytics is to answer why something happened. 
Diagnostic analytics takes a closer look at the data by measuring historical data 
against other relevant data to draw conclusions. Commonly used techniques in 
diagnostic analytics are drill-down, correlations, probabilities, and identifying patterns 
Questions such as “how effective was our promotional campaign based on customers 
response in different regions?” or “why is sales higher/ lower than last year?” can be 
answered. Despite the fact that diagnostic analytics offers limited actionable insights, 
it helps bring understanding of causal relations by looking at historical data. 
Developing from looking back in time, predictive analytics aims to tell what is likely to 
happen in the future. As mentioned, descriptive analytics provides the foundation for 
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more advanced analytics. Using predictive analytics, the quality of the previous two 
types of analytics shows their importance. Without high quality data, estimates 
provided by the predictive analytics are not of use. In addition, the predictions provided 
are only probabilities of the occurrence of a specific event, which means that there is 
no guarantee that this event may happen. The most famous examples of predictive 
analytics is demand forecasting (Gartner, 2012). Therefore, historic data is used to 
predict the demand of the coming moth, quarter or year. Prescriptive analytics builds 
upon the results of predictive analytics however, it does not simply predict what is likely 
to happen. Prescriptive analytics suggests all favourable outcomes and suggests 
which action needs to be taken to reach a particular outcome. Unlike the previous 
three types of analytics, prescriptive analytics makes use of a feedback system to 
learn and improve the relationship between prescribed actions and their outcomes. 
Only if a company has this level of maturity, efficient implementation of Smart Data 
applications is feasible. At this stage, the company has to run through different 
hierarchical stages in order to set the ground work for Smart Data applications. 
 
Hierarchical Levels: 
Every project has to be based on a strategic background which is the first hierarchical 
level in this framework. It is essential that the top management is willing to change 
their behaviour towards data driven decision making and therefore allow the company 
to question overall decisions in case the data analysis would lead to different 
assumptions. In addition, the top management has to have the conviction of 
empowering employees and actively transferring power to people to be able to drive 
the change. Further, the company has to be committed to the required investment for 
setting up the IT infrastructure, allocate resources, emerging technologies, and 
awareness of the fact this is a long-term investment for the future of the company and 
returns are not achieved in a short period of time. Moreover, companies have to 
believe in the value of being truly customer focused in order to have a true purpose. 
Finally, the strategy has to be reviewed, maintained, and enhanced in order to adapt 





For companies to leverage the benefits of Smart Data, certain resources are essential. 
The foundation is IT resources which are the basis for starting any Smart Data 
concept. As dealing with Smart Data is not a standard IT capability, those capabilities 
have to be built up in order to drive Smart Data projects. Further, the IT infrastructure 
has to include both physical and digital elements, making Smart Data analytics an 
integrated part of the IT environment. In addition; relevant data set has to be collected 
and stored and consideration must be given to change of culture, information sharing, 
data quality, governance, and security.  
 
The third hierarchical level consists of the operations. Frist of all boundaries have to 
be defined per employee group. What is expected from each employee, which 
decision can the employee take on the own and which ones need further approvals. 
This goes hand in hand with a data management policy, which in addition defines how 
to deal with data from legal perspective but also within the internal terms and 
conditions. Further, for every Smart Data framework, which is requested to be 
implemented, the action value has to be clearly defined. In the case the different 
potential outcomes would not influence any action taking, there is a very high likelihood 
that the requested project is not of high sense and value. After a project is identified 
to bring action value, the relevant KPI’s have to be defined in order to create a 
measurable framework. Finally, the process of implementation and integration has to 
be defined. 
 
In the design level all data requirements have to be set in place in order to decide 
which data to be selected and which data to ignore. Normally, it is expected that the 
data has to be of high standards in order to allow accuracy and reliability. In case of 
using customer data, the customers have to be consulted and a written agreement of 
data usage has to be documented. Further, national and international laws have to be 
taken into account to ensure legal conformity. The security of data as well plays and 
important role as confidential data should not be accessible to unauthorised any 
entities. Moreover, the dynamic of data updates should be automated with adequate 
timeframe depending on the type of data. Finally, the access levels have to be defined 
to clarify who should have access to which kind of data to only give access to critical 
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data to a defined set of people 
 
Smart Data: 
After having run through the Analytical maturity and having defined the different 
hierarchical levels, the company is ready to consider and build concrete Smart Data 
applications. Those pre stages are of highest importance as if the groundwork is not 
done carefully, the Smart Data implementation has a very high likelihood to fail. 
 
Action Value: 
The most important factor about Smart Data applications is the creation of action 
value. In case there is no action value, there is a very high likelihood, that the Smart 
Data application as such does not create any value, as the analytics does not lead to 
action. The creation of action value is always created within each Smart Data 
analytics. Throughout the whole process, control functions have to be set in place with 
the focus of action value creation. 
  
 





This chapter analysed the collected data. Both aspects, quantitative and qualitative 
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data have been analysed. Further, the research questions and research objectives 




Chapter 5: Conclusion and Recommendation 
This chapter concludes the study by providing a summary of main findings with 
references to research contribution, recommendation, the limitation of study, and 
areas for further research. 
 
5.1 Conclusion 
In the past 15 years much of the focus of companies have been on how to benefit from 
the opportunities provided by Big Data, however, companies are gradually becoming 
aware of the significance and importance of Smart Data. But, the knowledge of and 
exploitation of Smart Data by organisations is relatively new, and there is limited 
awareness of its strategic potential. 
 
As data is an asset which is detached from the type of industry, the initial assumption 
would be, that the knowledge and usage of Smart Data is independent from the 
operating industry. However, the results of the study suggest that the industries 
Furniture, Cars and Electronic Goods have the tendency to have more advanced 
knowledge about Smart Data than the average. Further, the knowledge in terms of Big 
Data, Business Intelligence, and Artificial Intelligence lead to the conclusion that the 
majority of companies have a very good knowledge of BI and Big Data, a good 
knowledge of AI, but, barely any knowledge of Smart Data. 
 
The study suggests that small companies by nature are more depending on the right 
data source as capacities and resources are limited and big companies have more 
flexibility in terms of resources. However, the investigation on the number of 
employees and annual turnover demonstrates that the bigger the company and the 
higher the annual turnover, the more likely companies are to use Smart Data 
applications. The only exception are Data consultancies who base their business 
model on data distribution and consultancy. 
 
Despite the fact that only some of the companies using Data as an asset to drive 
decisions, there is a general agreement amongst experts that Smart Data applications 
would add value and potentially improve the business performance and a Smart Data 
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framework as a guideline is judged to be very beneficial. 
 
The study found that whilst majority of companies consider Smart Data is a strategic 
system that should be located within the IT department to ensure full integration with 
all stakeholders, enhanced security, and maintenance, some companies prefer 
individual departmental responsibility for department specific data set. 
 
Reflecting the Data Management and the use of data, the efficient use of data enable 
companies to operate the business in a more efficient way and may help companies 
to reduce operational costs. Further, efficient use of data assist companies to identify 
customers' characteristics and their purchase behaviours. However, the strongest 
area of benefits is the adoption of efficient data use to improve the sales and 
developed more effective marketing activities. In addition to the study findings, the 
above is also supported by literature in confirming that the efficient use of data enables 
companies to improve business performance significantly in all areas of business in 
particular in marketing, sales, and Agile Price Setting. 
 
There is the strong conviction that the biggest driver to reach competitive advantage 
is built by implementing an agile price system which react to the demand and supply. 
The study found that the most important critical success factor for Smart Data 
applications is the action value. This means: In case no potential result leads to an 
action, it is highly questionable, if the application itself is of use. The actual value of 
Data is not the data itself but the resulting action. 
 
The study points out that there is an urgent need for a Smart Data framework to enable 
them to exploit the opportunities provided by data. The proposed framework is 
intended to assist durable consumer goods companies to benefit from a manageable 
and practically driven approach on how to deal with Smart Data efficiently and 
effectively for enhanced business performance and competitive advantage. In 
addition, the use of a consultant for the consideration and implementation of Smart 





In theory, the implementation of Smart Data is similar to system implementation, 
however, in practice, it is more sophisticated and require careful planning, involvement 
of stakeholders, clear and well define objectives, allocation of required resources, 
change management, and control. This is illustrated in figure 32. 
 
The starting point for implementing Smart Data applications is always the necessity 
for vision and strategy for data management within the company and its environment. 
Companies need to be committed to use data for decision making. In case the 
company desires to introduce Smart Data applications to drive data driven decisions, 
a steering committee has to be established headed by a senior personal with decision 
making power from within the company including the heads of departments. This 
steering committee has to work out a clear definition of Smart Data analytics together 
with its potential benefits. It is possible that companies may not always have the 
required expertise in which participation of external expertise is highly recommended. 
Following the definition of smart data, an internal Project team with required expertise 
should be established, the team may have to be supported by outside expertise.  
 
In the first project phase, a detailed review and analysis of existing IT systems should 
be carried out with consideration to how Smart Data analytics can be integrated. 
Further, the Project Team has to work out the required investment, resources, and 
time to manage the project. This is evaluated by the Steering Committee who would 
have the final decision on go ahead or further analysis may be required. This is a 
critical milestone as the project until then is with the project team to set the right 
framework to ensure a realistic project plan and set the expectation management. 
 
Following confirmation from the Steering Committee, a detailed resource planning 
should be developed and supported by decision on what will be sourced in-house and 
what needs to be outsourced. The project commences based on a detailed plan 
including; quality gates, milestones, KPIs, targets, and control.  
 
For best result, phased implementation which requires parallel systems running should 
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be considered including; Data Accuracy, Migration, and Testing. In particular the 
system has to be tested for action value as action value is by far the most important 
CSF in any Smart Data framework. In case the action value is not satisfactory, there 
is a very high likelihood that the Smart Data application would have limited value for 
the company. In this case the company should step back and match the results to the 
initially set target picture and analyse at which stage the process went in the wrong 
direction. Based on this finding, the project team has to go back to this stage in the 
process and continue the project from there. Furthermore, a clear data management 
policy has to be developed based on company and regulatory requirements and 
documented. Of particular importance is the ongoing provision of Education, Training, 
and Participation of various stakeholders and end users. Various security measures 
should be incorporated to ensure authorised access. The progress must be monitored 
throughout the initiative and Smart Data Analytics has to go through an intense piloting 
phase before going live. As   the majority of projects are usually not carried out 100% 
sequentially as issues may occur, the thin blue arrows in figure 32 symbolize control 





Figure 32: Smart Data implementation process 
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5.3 Theoretical contributions 
The designed and developed Smart Data framework is the core body which 
contributes to knowledge. In addition, as there is limited publication in the area of 
Smart Data and in particular within the context of Business Performance improvement 
the findings of the study contribute to knowledge as well. However, there is a wide 
range of big data software frameworks, discussed in chapter 1.2.7 and strategic Data 
frameworks, discussed in chapters 2.2.5, 2.4 and 2.5, those frameworks do not cover 
a strategic approach towards Smart Data which is the research gap. In particular the 
existing frameworks do not incorporate all relevant aspects like the analytical maturity, 
the necessary hierarchical levels and the creation of cation value within the defined 
applications within one model and therefore give clear guidance about all relevant 
layers how to approach Smart Data. This is covered in the designed and developed 
framework in figure 31. 
 
5.4 Practical contributions 
This study contributes to practice and industry. In practice, this study contributes to 
the company under study in efficient and effective management of data throughout the 
company with high potential for business efficiency, service improvement, customer 
satisfaction, and competitive advantage in the sector. Due to generic nature of Smart 
Data application, the proposed framework could be used by the companies in the 
sector with potential adaptation for other companies in various sectors of the economy. 
Especially the Smart Data implementation process gives the companies step by step 





5.5 The limitations of the study 
There are the following limitations of the study: 
 
a) The topic is relatively new; as such, there are limited publications in the research 
topic, which made the literature review challenging. 
 
b) As there are only limited companies who use Smart Data applications in durable 
consumer goods in Germany, it has been challenging to seek participation for 
quantitative and qualitative data collection. This required the researcher to embark on 





5.6 Further research 
To further understand the impact on Smart Data on business performance, future work 
could focus on both theoretical and practical aspects including;  
  
Empirical studies can be conducted in other countries to compare the findings in cross-
cultural differences. Such replication will help academic and practitioners to 
understand which geographical influences play a specific role.  
 
The research area of Smart Data is huge, the focus on specific parts of Smart Data 
would be beneficial for example: Construction of Smart Data analytics for a specific 
area or the implementation of Smart Data Analytics for a specific area. 
 
Further, analysing companies’ business performance who have implemented Smart 
Data would be advantages to enhance the existing frameworks, leading to ease of 




This chapter concludes the study by providing a summary of main findings with 
references to research contribution, recommendation, the limitation of study, and 
areas for further research. There is clear evidence that the benefits and opportunities 
provided by Smart Data including enhanced business performance and competitive 
advantage can by far exceed the investment made. However, the area of Smart Data 
is relatively new and more research is need to develop and better understanding of 
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VII. Appendix B: Covering Letter  
To Whom It May Concern: 
My name is Marcel Schramm, PhD. research student at Bolton Business School, 
University of Bolton, UK. As part of my research project, I am conducting a survey 
regarding to how Smart Data can improve the business performance. This survey will 
take approximately five minutes. Your views are extremely important to help us 
improve the usage of Smart Data in durable consumer good business operating in 
Germany. 
 
Smart Data is defined as data transformed into information which feeds the decision-
making and action cycle. This suggests that Smart Data is related to information which 
enable the companies to act and decide rather than to be overwhelmed with tons of 
data sources by only using big volumes of data. (Big Data) 
 
There is no commercial interest and all answers would be treated confidential. 




For your contribution, I would be happy to share my findings with you, and provide you 
with a summary of my report. If you wish to obtain the same, please provide me with 





VIII. Appendix C: Interview Question 
IQ 1) How do you conduct your marketing activities? Which kind of data is involved in 
which sense? 
IQ 2) How do you normally manage data in your company, do you have a policy? 
IQ 3) Do you think efficient used and automatically processed data could bring benefit 
to your company?  
IQ 4) How do you intend to gain competitive advantages from the huge volume of data 
available? 
IQ 5) How could Smart Data/Big Data adopted by your organisation support your 
organisation’s marketing activities?  
IQ 6) How could Smart Data/Big Data adopted by your organisation support your 
supply chain?  
IQ 7) What do you consider to be the main incentives/benefits that you can see in 
terms of Smart Data applications in your company? 
IQ 8) Critical Success Factors (CSFs) refers to the satisfactory results of certain areas 
or functions to ensure successful competitiveness for an organisation. In your view, 
what are the CSFs derived from Smart Data in relation of business performance 
improvement and competitive advantage? 
IQ 9) Are there any challenges faced by companies using Smart Data in relation to 
durable consumer good companies operating in Germany 
IQ 10) How does the use of Smart Data systems support an efficient and agile price 
setting in durable consumer good companies?  
IQ 11) How can Smart Data have a positive impact on the business performance of 
durable consumer goods companies? 
IQ 12) What is your view on Artificial intelligence in relation to Smart Data? 
IQ 13) In your opinion, do you think companies need a Smart Data framework to be 
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